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Abstract

Psychiatric evaluation relies on subjective assessment. Biomarkers are objective
indicators of illness that can aid in diagnostic classification and help guide treatment for
individuals with psychiatric illnesses. Speech has been identified as an informative
biomarker that is objective and easy to collect. Speech analysis has been shown to be
effective in diagnostic classification, assessment of severity and prognosis, and early
onset prediction of psychiatric illness. We aimed to synthesize results of published work
and validate speech analysis methods for clinical application. We completed a systematic
review to explore the state of the field and identify areas for further investigation. We
present the collection and analysis methods for a speech study aimed at creating a corpus
of high-quality speech data. We analyzed a preliminary sample using content speech
features to differentiate bipolar from unipolar depression. Results from these preliminary
analyses demonstrate the efficacy of our data collection procedure and the utility of

content variables for tackling important classification problems in psychiatry.
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Abstract

Assessment and diagnosis of mental disorders rely on clinical evaluation and self-report
measures, both of which are prone to bias. The need for objective measurement has
stimulated interest in alternative indicators of illness presence and severity. Speech may
offer a source of information that bridges the subjective and objective in the assessment
of mental disorders. We reviewed the literature to understand the utility of speech
analysis for psychiatric applications. Acoustic features including speech rate, pausing,
and pitch variability reflect reduced psychomotor tempo and restricted range of affect in
depression and poverty of speech and blunting of affect in schizophrenia. Semantic
features including connectedness and coherence reflect thought disorder and
disorganization in psychosis. Content features including positive and negative word use
and personal pronouns reveal attributional style and self-reference in mood and psychotic
disorders. Models using multiple speech features show high levels of accuracy for
diagnostic classification and assessment of psychiatric disorders. Patterns of speech
characteristics can help differentiate multiple psychiatric diagnoses, estimate severity,
and predict onset of mental disorders, prognosis and response to treatments. Automated
analysis methods may perpetuate bias of human rating, unless sources of bias are
adequately addressed. This review offers perspectives on potential harms associated with
applications of speech analysis and their mitigation. Convergent progress in speech and
computer sciences is opening avenues for implementing speech analysis to add

objectivity to the assessment and prognostics in the clinical practice.



Introduction

Mental health clinicians rely on a combination of clinical judgement, patient recall, and

assessment of present symptoms when attempting to determine a patient’s diagnosis,

Core features of mental illness are communicated through speech and language. A
person’s speech reflects their internal state in the content, tone, thythm and volume
(Newman & Mather, 1938; Straw & Callison-Burch, 2020). Clinical assessment and
diagnosis in psychiatry often rely on speech features, as clinicians use patients’ speaking
behaviors to infer information about symptoms, diagnosis, and prognosis (Alhanai et al.,
2018). Because many components of speech are habitual and spontaneous, speech
analysis has a potential to provide an objective measure of illness.

Psychiatrists assess the spontaneity, rate, content, cohesion and affective modulation of
speech when completing the mental state examination, a clinical protocol that is used in
most patient encounters and contributes key diagnostic information. Yet, the reliability of
this exam is rarely tested and available information suggests that the agreement between
psychiatrists is limited (Barzilay et al., 2019; Rozenzweig et al., 1961; Serby, 2003). Poor

agreement between clinicians, coupled with the risk of unconscious biases and



stereotyping, highlight the need for objective measures in psychiatric assessment
(Pavlova & Uher, 2020a). Because audio recordings of speech can be easily and
inexpensively collected, speech analysis presents the potential of objective measures that
are broadly applicable in clinical practice (de Boer et al., 2018; Erol et al., 1995).
Spurred by the development of natural language processing and speech recognition
technology in the last two decades, evidence has started to accumulate suggesting the
utility of speech characteristics in diagnosis, prognosis, symptom monitoring, illness
onset prediction and treatment outcome monitoring (Corcoran et al., 2020; de Boer et al.,
2018; Hanakawa, 2004a). Various fields contribute to the vast body of existing literature
on the topic, creating a rich but heterogeneous picture of the utility of speech analysis in
psychiatry.

We completed a systematic review for the purpose of synthesizing research results from
multiple disciplines, with the aim of understanding potential psychiatric applications of
speech analysis. The broad scope of this review is intended to present a high-level
synthesis of the available research on this topic and convey clinically relevant
considerations for mental health professionals. We systematically searched the existing
and emerging literature on speech analysis across mental disorders, identifying relevant
features of speech, highlighting promising approaches, and evaluating the potential for

clinical applications.



Methods

Literature Search. We searched PubMed and PsycInfo for articles that combined topics
from the domains of speech, psychiatric disorders, computation and diagnosis or
prediction, indexed from the database conception date to January 13, 2021. Additionally,
we searched the bibliographies of included articles. See Section A of Appendix A the for
details of the literature search.

Eligibility Criteria. We included studies of participants living with a mental disorder.
Articles were included if they focused on an aspect of speech as it related to one or more
psychiatric disorders, their symptom severity, or prediction of illness onset, prognosis, or
treatment outcomes.

We included articles that analyzed transcriptions of participants’ speech. We excluded
papers that focused on written text, such as participants’ writing, social media postings,
clinician’s notes, suicide notes, hospital charts, or discharge reports. Written text was
excluded because it may not always reflect unmetered syntactical and semantic mental
processes, as spoken word does. We excluded case studies. We also excluded articles
focusing on questionnaire measures without psychiatric diagnoses (i.e. depressive
symptoms or schizotypal traits). We excluded studies of individuals with neurological
illness, brain injury, intellectual disability or dementia.

We have identified 128 eligible reports, of which 86 dealt with diagnostic classification,
28 investigated severity assessment of mental disorders, 10 looked at the prediction of
illness onset in high-risk populations, and 9 examined prognosis or treatment outcome
prediction (Section B, Appendix A). Papers were classified under more than one category

if they included analyses on multiple outcomes.



Speech features

Perspectives from psychiatry, psychology, computer analytics, linguistics, and speech
and language pathology reveal aspects of speech and language that may reflect the
speaker’s mental state. Names and definitions of speech characteristics are partly
discipline-specific. We provide a consensus glossary of relevant speech features in Table
1.

The key distinction agreed upon across disciplines is between acoustic features and
content features. Acoustic features represent the sound of speech. Content features
represent the meaning and grammar of spoken language. Semantic features refer to the
meaning of speech and are included under content, but are also frequently used as a
separate term. Table 1 provides information on how semantic features contribute to the

greater content category.



Classifying diagnoses using speech analysis

The most common application of speech analysis has been the comparison between
individuals with and without a psychiatric disorder for diagnostic classification. Of the
128 studies identified, 86 (67%) compared speech features between individuals with
psychiatric disorders and controls.

Depression and Schizophrenia

The majority of studies published to date have focused on major depressive disorder and
schizophrenia (Figure 1; Table 2) During a depressive episode, lack of energy and
psychomotor retardation affect the production of speech, resulting in audible acoustic
changes (Flint et al., 1993; France et al., 2000; Quatieri & Malyska, 2012; Scherer et al.,
2015; M. Smith et al., 2020; Wang et al., 2019). Slower and decreased movement of
muscles results in speech that has lower pitch, lower fundamental frequency and
narrower pitch range than speech of people without depression (Alghowinem, 2015;
Breznitz, 1992; Nilsonne et al., 1988). Individuals with depression tend to pause more
often when speaking, and their pause duration is more variable than in individuals
without depression, resulting in a loss of natural speech rhythm (Alghowinem, 2015;
Breznitz, 1992). Similar speech features characterize depression in adults and children
(McGinnis et al., 2019). These acoustic speech features can be objectively measured
using acoustic analysis (Jiang et al., 2018).

Acoustic features can distinguish people with and without depression with an average
accuracy of 83% across studies (Table 2), and may be robust to manipulation. In one
study, participants were asked to conceal any speech behavior they thought might be

indicative of their depression. Although the participants were attempting to disguise their



depression when speaking, the accuracy of depression classification remained high at
81%, only slightly lower than the 88% accuracy without concealment (Solomon et al.,
2015). In another study, the volume and frequency spectra components of speech
classified depression consistently across 12 speech scenarios, including neutral, positive
and negative contexts (Wang et al., 2019).

Speech content in depression reflects a bias towards negative experiences. The negative
attributional style, characteristic to depression, leads to emphasis on negative words and
attribution of positive experiences and accomplishments to outside influences rather than
personal efforts (Sweeney et al., 1986). Individuals with depression tend to dwell on
negative aspects of experiences, and ruminate about past errors (Breznitz, 1992). They
use more negative words than controls in various types of speaking tasks (Breznitz, 1992;
Himmelstein et al., 2018; Mete, Schnurr, et al., 1993). They also use more first person
pronouns than controls when recalling negative memories, but less when recalling
positive memories, reflecting a stronger personal identification with negative experiences
than positive ones (Himmelstein et al., 2018). While confirming the expectations about
negative bias in depressive speech, content features may be more easily manipulated by
the speaker, and less objective than acoustics. To date, it is unclear if content features
improve the classification of depression over and above acoustic features alone.

Speech analysis in schizophrenia and psychotic illness highlights semantic features, such
as connectedness and coherence. Individuals with schizophrenia often speak in a way that
is less connected and predictable than individuals without psychotic disorders (Elvevag et

al., 2007). Reduced coherence relates to both negative and positive symptoms of



schizophrenia, and can be objectively measured (Maher et al., 2005; Moe et al., 2016;
Willits et al., 2018).

In speech, positive symptoms of schizophrenia manifest as increased normative
associations, where words are followed by other words that are semantically connected,
but unrelated to the logical line of the narrative (Maher et al., 2005; Manschreck et al.,
2012). Negative symptoms manifest as a slower rate of speech with shorter utterances,
more pauses, reduced variation in frequency, and decreased density of ideas (Ayer et al.,
2016; Moe et al., 2016; Willits et al., 2018). The reduced coherence, increased normative
associations and reduced richness of content reflect the disorganization domain of
schizophrenia symptoms, which includes formal thought disorder (Ayer et al., 2016;
Elvevag et al., 2007; Pauselli et al., 2018). Coherence scores of participants with
schizophrenia correlate negatively with clinical measures of formal thought disorder,
supporting this speech construct as an accurate measure of disorganization (Elvevag et
al., 2007). Automated analysis of these semantic features distinguishes individuals with
schizophrenia from healthy controls with an accuracy ranging from 70% to 83% (Elvevag
et al., 2007, 2010; Willits et al., 2018). The detection of psychosis using semantic
features may be partly task-dependent (Cohen et al., 2016).

Other Disorders

Common speech features found in both depression and schizophrenia include low speech
rate, frequent pauses, reduced frequency variation, and increased use of first-person
pronouns. Other mental disorders have been less studied (Figure 1; Table 2). The one
study of bipolar disorder found that speech of individuals in a manic phase is marked by

faster rate and higher frequency variation, as well as semantic features similar to those
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characterizing the positive symptoms in schizophrenia (J. Zhang et al., 2018). Two
studies found that individuals with anxiety disorders switch topics more often than
controls, speak with more hesitation, and make more breathy sounds (Kotsopoulos &
Mellor, 1986; Toazza et al., 2016). Published studies suggest that automated analysis of
speech can accurately distinguish individuals’ mental disorders from healthy controls
with high accuracy, but more work is needed to extend the knowledge beyond depression
and schizophrenia.

Differentiating Disorders and Understanding Illness Characteristics

While differentiating between mental disorders may be harder than separating between
patients and healthy controls, both acoustic and content features may help in this effort
(Mota et al., 2012; Sonnenschein et al., 2018). For example, shorter utterances in
schizophrenia and grammatical deviance in bipolar disorder contribute to differentiating
these two disorders (R. E. Hoffman, 1986). In some cases, discrimination between
diagnoses can be made with word categories. Dictionaries have been created for use with
content analysis methods, categorizing words by different semantic meaning (Maher et
al., 2005; Mete, Doganer, et al., 1993; Rosenberg et al., 1990). Word categories have
been able to differentiate between schizophrenia, depression, bipolar disorder and
controls with 48-85% accuracy (Erol et al., 1995, 1995; Mete, Schnurr, et al., 1993;
Oxman et al., 1988; Rosenberg et al., 1990).

Some studies found that specific word categories are used more often by individuals with
schizophrenia (Minor et al., 2015; Novack, 2003; Rosenberg, 1979). Categories such as
“pleasure” and “distress” (Novack, 2003), and social-, sadness-, anger-, and work-related

words (Minor et al., 2015) helped discriminate individuals with schizophrenia from those
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with other diagnoses. Similarly, expressive word use (such as “sad” or “anxiety” related
words) has been shown to accurately differentiate individuals with anxiety from those
with depression; however, the frequent comorbidity of depression and anxiety blurs this
distinction (Sonnenschein et al., 2018).

Multi-faceted semantic features are able to differentiate between psychotic illnesses.
Notably, semantic graphs, used to measure the connectedness and coherence of speech,
distinguished individuals with bipolar disorder from those with schizophrenia with 93%
accuracy (Mota et al., 2012). Individuals with mania display higher levels of speech
connectivity, have more flighty discourse, and speak more quickly than those with
psychotic illness.

As some illness features are shared between psychiatric diagnoses, modeling multiple
speech features differentiates diagnoses better than any single feature on its own (Fraser
et al., 1986; Stassen & Bomben, 1991). Depression and schizophrenia both present flat
affect and reduced speech production. Schizophrenia and bipolar disorder share reduced
coherence and increased normative associations, but differ in the rate and volume of
speech production. Depression and anxiety share preferential use of negative words, but
frequent switching of topics and breath sounds may be relatively specific to anxiety.
Distinction between multiple diagnoses may require modeling of many speech features to
leverage both common and specific speech features across diagnoses (Cohen et al., 2012;
Novack, 2003; Perlini et al., 2012). While acoustic features perform well in the
assessment of flat affect and psychomotor arousal (Novack, 2003; Stassen & Bomben,

1991), semantic features can help differentiate between psychotic and non-psychotic

12



types of mental illness (Mota et al., 2012). More work is required to gage the potential of

combining feature categories for multi-diagnosis classifications.
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Assessing illness severity using speech analysis

Repeated measurement of symptom severity improves treatment outcomes by
contributing updated information towards treatment planning (Guo et al., 2015), but
severity measurement is underused in practice because of the time required to complete
measurement scales (Aboraya et al., 2018). Additionally, the subjective measurement
with questionnaires and interviews may be prone to bias (Pavlova & Uher, 2020a).
Automated analysis of speech may offer a more efficient and objective tool for the
evaluation of treatment efficacy and measurement-based care.

Assessing Depression Severity

Nineteen published studies have examined speech analysis in the measurement of
severity of depression and psychosis (Figure 1). Depression severity can be measured by
quantifying psychomotor retardation, which can be detected in the speech of affected
individuals through the analysis of acoustic features. As depression worsens,
psychomotor retardation manifests as progressively slower speech rate, quieter speech
sounds, less energy variability, and more and longer pauses (Alpert et al., 2001;
Cummins, Epps, & Ambikairajah, 2013; Cummins, Epps, Sethu, et al., 2013; Mundt et
al., 2007; Quatieri & Malyska, 2012; Szabadi et al., 1976). Fewer studies examine
agitated depression, and the fact that both extremes of psychomotor tempo may indicate
worsening illness (Alpert et al., 2001; Novack, 2003). Retarded and agitated forms of
depression share reduced affective modulation of speech, which is reflected in less
variable pitch (Novack, 2003).

Content of speech may inform the measurement of depressive symptoms, especially

when it is analyzed in the context of positive and negative emotion. Depression severity
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correlates positively with word count and the frequency of first-person pronouns when
recalling negative memories, but correlates negatively with word count and frequency of
first-person pronouns when recalling positive memories (Himmelstein et al., 2018). We
1dentified no studies that used both acoustic and content features in the same model,
therefore it remains to be established whether the inclusion of content features improves
the measurement of depression severity over acoustic features alone.

Assessing Severity of Psychotic Disorders

Acoustic, semantic and content features have shown promising results in measuring the
severity of symptoms in psychotic disorders. Acoustic features have been used to assess
the severity of symptoms, such as flat affect. Individuals with schizophrenia who score
high on clinical measures of flat affect are less fluent, make less inflections, speak more
slowly and pause more than individuals with schizophrenia with preserved affective
reactivity (Alpert et al., 2000; Cohen et al., 2008). Greater severity of schizophrenia is
also indexed by reduced coherence (Buck et al., 2015; Holshausen et al., 2014). While
reduced coherence is specifically associated with positive symptoms, reduced variation of
pitch is associated with negative symptoms (Hanakawa, 2004b). Other studies have
reported that reduced connectedness in the speech of individuals with schizophrenia is
associated with both positive and negative symptoms (Holshausen et al., 2014; Pauselli et
al., 2018).

Automated analysis of acoustic features has helped identify confounds in the clinical
assessment of symptoms (Alpert et al., 2000; Cohen et al., 2008). Alpert and colleagues
found that independent clinical raters tended to include impressions of alogia, or poverty

of speech, into flat affect ratings, increasing the likelihood that they would rate
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participants with schizophrenia as having flat affect (1995, 2000). Similarly, Cohen found
that clinician’s ratings of vocal inflection were associated with automated measures of
speech rate, a variable that measures speed of speech (2008). While clinician’s ratings of
various negative symptoms in schizophrenia displayed overlapping associations,
computer-based measurements of the same phenomena were relatively unrelated to each
other, suggesting greater specificity of automated measurement (Cohen et al., 2008).
Meta-Analysis: Clinical Validity of Speech Features

We analyzed the correlations between speech features and clinical severity measures in
14 studies with adequate information and found that individual speech features were
weakly but consistently correlated with severity measures (Figure 2). The associations of
speech features with severity measures of depression and psychosis were of similar
magnitude (mean correlations of 0.23 [95%CI 0.13 to 0.32] and 0.20 [95%CI 0.09 to
0.30] respectively). Acoustic features showed, on average, slightly stronger correlations
with severity measures than content features (Figure 2). While individual speech features
showed weak correlations with clinical severity measures, algorithms combining
multiple, primarily acoustic speech features led to estimates with correlations up to 0.80
with established severity measures (Braun et al., 2016; Mundt et al., 2007, 2012; Stassen
et al., 1998). These results suggest that automated analysis of multiple speech features
may allow more objective measurement of symptom severity with a meaningful
accuracy. The applicability of such measurement across settings and populations remains

to be established.
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Predicting the onset of psychiatric illness in high-risk populations

Antecedents for mental illness can be detected early in childhood and adolescence. Some
of these antecedents are predictive of illness onset in later years of life (Uher et al., 2014).
Predicting illness onset in high risk populations is an important step towards targeted
prevention and early treatment, which can lead to better lifetime illness outcomes
(McGorry & Nelson, 2016).

Psychosis Onset Prediction

Automated analysis of speech may identify early subtle indications of risk. Psychosis
onset can be predicted using semantic variables (Corcoran et al., 2018; Hanakawa,
2004a). Lack of intelligibility and poverty of speech are the characteristics most regularly
identified in the speech of participants at high risk of developing a psychotic illness
(Bearden et al., 2000). Notably, models that incorporate coherence and complexity
variables predict the onset of psychosis within 2.5 years with 79% to 100% accuracy
(Bedi et al., 2015; Corcoran et al., 2018; Elvevag et al., 2010; Rezaii et al., 2019). In one
such study, a classifier model that incorporated coherence measured by latent semantic
analysis (LSA), frequency of determiners (“what”, “which”, “that”, etc.), and maximum
number of words per phase to measure poverty of speech perfectly predicted which youth
developed a psychotic disorder over a 2.5-year follow-up in a small sample (Bedi et al.,
2015).

The high accuracy of psychotic illness prediction from semantic features supports that
development of psychosis may manifest objectively in speech before reaching a point
where a clinical diagnosis is possible. Semantic speech variables can also differentiate

healthy relatives of people with psychotic illness from controls with up to 90% accuracy
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(Elvevég et al., 2010; Manschreck et al., 2012), likely reflecting a subclinical
manifestation of familial risk (Corcoran et al., 2018). Given that family history is the
strongest known risk factor for psychosis, the findings in relatives strengthen the validity

of semantic speech features in predicting psychosis.

Depression Onset Prediction

The only study that examined the utility of speech analysis for predicting depression
onset (Figure 1) found that acoustic features, especially glottal features, predicted which
high-risk adolescents would develop depression over a 2-year follow-up with 73%
accuracy (Ooi et al., 2013). The glottis is a physical structure in the throat that consists of
the vocal cords and the space between them, and is affected by symptoms of depression
such as psychomotor retardation. Glottal features have also been implicated in depression
classification and severity assessment (Moore et al., 2008, 2004). Acoustic features
extracted from glottal processes tap the physiology of speech production that may overlap
with the early pathogenesis of depression. Future research may examine acoustic

variables and other speech features to replicate and extend the promising results.

In summary, while the literature on onset prediction is relatively limited, it suggests that
speech analysis may accurately predict onsets of both psychosis and depression. The
strong early results suggest that speech sampling should be implemented as part of

prospective studies aiming at early identification of risk for mental illness.
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Predicting illness prognosis and treatment outcomes

Choosing a treatment is one of the most important and complex clinical decisions in
psychiatry. Clinical and biological markers may not provide reliable signal for a patient’s
likelihood to respond, making the outcome of many treatments unknown before they
begin. The ability to predict treatment outcome and illness progression can allow
clinicians to personalize treatment for their patients, ideally leading to better long-term
outcomes. Speech features are easy to obtain, making them a desirable component for
clinical decision support.

The literature on this topic has focused on depression (Figure 1). Content features have
been used to predict later illness outcomes and treatment response. One study found that
individuals who used more first-person singular pronouns had poorer prognoses and
higher depression severity at eight-month follow-up (Zimmermann et al., 2017). This
result echoes severity assessment literature on the role of self-focused attention in
depression. Three articles looked at emotional word use to predict treatment outcomes in
depression and reported conflicting results. Miller found that people who used more
emotional words were more likely to be responders to antidepressants (1996). Carrillo
and colleagues found that people who used fewer emotional words were more likely to
respond to psilocybin (2018). In a third study, participants who used more positive words
and fewer past-focused and negative words responded better to psychological therapy
(Huston et al., 2019). It remains to be established whether the opposing results may be
due to the difference in depressed samples (treatment-resistant (Carrillo et al., 2018) vs.

treatment-responsive (Miller, 1996)), the choice of treatment, or other reasons. Given the
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limited scope of the literature on this topic, more research is needed to assess whether
speech content features will be useful in the prediction of treatment outcomes.

One study examined patients with recent-onset psychosis to determine their likelihood to
receive a schizophrenia diagnosis. Speech disorganization, as detected by semantic
graphs of memory reports, predicted a diagnosis of schizophrenia 6 months later, but did
not predict a diagnosis of bipolar disorder (Mota et al., 2017). These results lend further
support to speech coherence and disorganization as relatively specific markers of
psychosis.

Although acoustic features show promising evidence when used to classify or assess the
severity of psychiatric disorders, we found no studies that used acoustic measures at
baseline as an indicator of treatment outcome or prognosis. While the results published
thus far show potential for the role of speech analysis in predicting outcomes, more
research is needed to find out which speech features best predict treatment outcomes and

how accurate prediction can be achieved.
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Detection of suicide risk in speech

Acoustic speech features have been used to assess suicide risk in individuals with
depression (France et al., 2000; Pestian et al., 2016; Scherer et al., 2015). Levels of vocal
jitter increase with suicide risk; individuals at a higher risk for suicide have more erratic
fundamental frequencies than those at lower or no risk (France et al., 2000; Ozdas et al.,
2004). Glottal flow spectrum and jitter are measures of disruption in fundamental
frequency, and are products of lack of vocal cord control or coordination (Ozdas et al.,
2004; Teixeira et al., 2013). A machine learning classifier that incorporated both
measures was able to discriminate low-risk depressed patients from high-risk suicide
patients with 75% accuracy (Ozdas et al., 2004). The acoustic representation of suicide
risk appears distinct from that of depression and merits a separate focus in speech

analysis research.
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Considerations for the Interpretation and Integration of Automated Analysis

Results

Although the need for unbiased assessment has been one of the key drivers for
developing automated speech analysis, recent work has highlighted the propagation of
biases through machine learning models (Chouldechova & Roth, 2018). As human rating
is used to train speech and language models, the sources of bias already present in
healthcare become embedded into the development of automated measurement (Straw &
Callison-Burch, 2020). This is pertinent to mental health, where biases relating to gender,
race, and culture have been consistently identified (Chaplin, 2015; Fabrega, 2001; Lee,
2002). Therefore, sources of bias have to be identified, assessed and addressed to ensure
fairness before any automated model is considered for deployment in health care (Bird et

al., 2019; Thieme et al., 2020).

The broad distribution of fields contributing to psychiatric speech analysis research
presents the problem of divided research efforts (Straw & Callison-Burch, 2020). The
advent of open-access psychiatric speech datasets provides the opportunity for a wider
reach of inquiry, but may allow for interpretation of results that are detached from their
origin. For instance, computer science researchers creating machine learning models to
handle tasks of psychiatric assessment are not always fully informed about the
background of their data. Features such as sampling and collection procedures and
clinical and demographic characteristics of a sample can introduce unconscious biases
that will subsequently be propagated in machine learning models (Straw & Callison-

Burch, 2020). In the current review, few machine learning studies acknowledged possible
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sources of bias, and fewer still attempted to control for them. Although promising, the

results presented here must be interpreted with an understanding of the likely sources of
bias present within them, and the possibility for their influence to perpetuate these biases
in potentially harmful ways. Sun et al. provide recommendations for dealing with bias in

speech-specific machine learning models (2019).

Along with bias, additional considerations for machine learning methods stem from the
desire to objectify assessment in psychiatry. Integration of automated assessment tools
such as speech analysis in clinical settings has the potential to dehumanize the clinical
process. Although clinical judgment can carry biases (Snowden, 2003), replacing it with
automated processes carries the potential for other problems. Trained clinicians’
interpretation of psychiatric symptoms may detect more subtle nuances of patient illness
Recommendations for incorporating automated speech analysis tools into clinical
environments should take care not to overestimate the ability of automation to replace
clinical judgement. Instead, the addition of automated tools can add objectivity and
efficiency to traditional clinical encounters in psychiatry, which may increase a
clinician’s ability to optimize assessment and care for patients (Carroll & Rounsaville,

2010).
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Discussion

One of the key challenges for psychiatry in the 21 century is to reconcile the inherently
subjective character of mental illness with the need for objective measurement. The
growing accessibility of computational analysis tools coupled with the ease of obtaining
audio samples make the automated analysis of speech a natural choice for bridging the
subjective and objective in psychiatry. Evidence shows that speech analysis can classify
depression and psychosis with high accuracy, measure their current severity, and predict
their onset among individuals at risk. The concurrent validity with established clinical
measures qualifies speech analysis as a research tool that can add objectivity and
specificity to the measurement of psychopathology. The high accuracy of many reported
predictions suggest that automated speech analysis could also be implemented in clinical
settings.

The existing literature is disproportionately focused on differences between groups of
individuals with depression or schizophrenia and healthy controls (Figure 1). A smaller
but consistent body of literature suggests that automated analysis of speech can also be
used as a measure of depression severity. It may provide an attractive alternative to
clinical rating scales with a potential to facilitate implementation of measurement-based
care (Lewis et al., 2018). The studies using speech to predict onsets or outcomes of
mental illness are few in number, but may have the highest implementation potential.
Speech analysis could enable more accurate prediction of the development of
schizophrenia (Bedi et al., 2015) or depression (Ooi et al., 2013), as it appears that
indicators may manifest in speech years before onset. High prediction accuracies mandate

the application of speech sampling in large prospective studies to probe the
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reproducibility and generalizability of what appears to be one of the most promising
predictive biomarkers in psychiatry.

Rapidly growing interest in speech analysis has inevitably brought about variability in the
focus of the literature, often dependent on discipline. Additionally, time period, language,
demographics, medications, sex and gender all play roles in the variance of speech
behaviors that a person may exhibit, and in the outcomes of studies throughout time and
across disciplines. Analyzing demographic and cultural factors of all records included
was beyond the scope of this review, however there are important implications that these
factors may have for integrating these methods into clinical practice. Understanding
speech features as indicators of mental illness requires the consideration and control of
these and many other variables. Although existing results are promising, the work is
characterized by methodological heterogeneity. Future work should endeavor to gain a
more in-depth understanding of whether speech features can endure as indicators of
illness after controlling for the many potential confounding influences. Straw et al.
provide an extensive exploration of these and other potential sources of bias in speech
and language analysis in psychiatry (2020).

Recently, some research has aimed to quantify differences in speech analysis results that
are due to methodological heterogeneity. Cohen (2016) and Wang (2019) questioned
previous conclusions by combining existing samples to tease out important findings, and
were able to clarify previous results with more reliability and power. Open-source speech
datasets will play a large role in advancing speech analysis past the research domain, as

they allow for tests of reproducibility, verification and validation of previous findings.
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With maturation of methodology, future work will substantiate existing results and
decrease the quantity of contradictory results as the field advances.

The articles reviewed provided evidence for the both transdiagnostic and disorder-
specific speech features. Studies focused on a single diagnosis have demonstrated the
ability for speech features to discriminate between participants and controls, but few have
accounted for the potential transdiagnostic and comorbidity confounds. Although clinical
measurements have been used to validate the results that speech features present, it is
unclear what proportion of these validations included samples of individuals with
psychiatric comorbidities. As comorbid diagnoses are commonplace in clinical
environments, clinical implementation of speech analysis requires a foundation of
research that includes participants with various diagnoses and accompanying
comorbidities.

Most studies to date have examined multiple variables from the same speech feature
category, i.e. either acoustic or content/semantic features (Cummins et al., 2011; Jiang et
al., 2018; McGinnis et al., 2019; Moore et al., 2008; Ooi et al., 2013). Evidence suggests
that a predictive model should incorporate all of the speech features that best fit the
illness characteristics of the disorder being studied. Machine learning methods allow
combination of features in generalizable multivariate models (Tasnim & Stroulia, 2019).
With increasing size of available samples, multivariate methods using both acoustic and
content features of speech may be optimized and implemented for clinical settings.
Speech analysis for the diagnosis and assessment of psychiatric disorders has been
attracting attention for eight decades (Newman & Mather, 1938). Advances in clinical,

speech and computer sciences are now making its application a plausible option. The
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existing literature is rich with potential, and is beginning to address biases and innovate

towards practical and fair methods for clinical application.
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Tables and Figures

Table 1

Glossary of acoustic and content features

ACOUSTICS — Range of measurable sound components of voice

Pitch

Features associated with the rise and fall of
Frequency/Fundamental frequency (Fo)
vocal sound

Tone
Volume
Loudness Features associated with the strength of a speech
Intensity sound
Energy
Inflection/Intonation
Variation in pitch/frequency
Emphasis/Syllable stress
Variation in loudness
Prosody

Pace/Rhythm/Rate

Speed of verbal communication

Fluency

Frequency and length of utterances and pauses
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CONTENT - Presence and usage of linguistic components of speech

Semantic

Coherence/ Connectedness/Disorganization

Relatedness of words, sentences and topics in a

discourse

Cohesion

Grammatical accuracy within a sentence

Intelligibility

Ease of understanding (of speech)

Syntactic Error

Grammatical and phonological flaws or

Inaccuracies

Word categories

Pronoun use

29

Words belonging to differently valanced
categories (“sad”, “distressed”, “excited”),
sentiment of words, word usage, and the
distinguishing use of personal pronouns in

discourse.



Table 2
Number of studies classifying psychiatric disorders by diagnosis, including average

accuracies and sample sizes

Number of
Classification participants per study

Diagnosis Number of studies accuracy (mean) (mean)
Schizophrenia 29 81.8% 89
Depression 28 83.0% 78
Bipolar Disorder 1 N/A 60
Anxiety 2 N/A 39
Other 2 N/A 45
Multiple diagnoses 24 78.1% 105
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Figure I: Disorders and topics addressed in published studies on speech analysis.
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Note. In each scatterplot in the matrix, the x-axes represent publication year (1965-2020),
and the y-axes represent sample size (0-300). Colors represent speech feature category

(acoustic=blue, semantic=orange, content=gray, mixed categories=yellow)

31



Figure 2: Correlations between speech features and traditional severity measures.

tanh(ES)
Study with 95% CI
Acoustic
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Cohen 2012 = 0.23[-0.06, 0.48]
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Content/Semantic
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Fineberg 2016 = 0.36 [ 0.07, 0.59]

e 0.19[ 0.10, 0.28]
Overall < > 0.22[ 0.17, 0.28]
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Note. The forest plot summarizes 379 correlations between acoustic and content speech
features and severity measures of depressive and psychotic symptoms reported in 14

studies.
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Chapter 2: Informed Study Design

Our intention in reviewing published speech analysis literature was to create a wide
knowledge base on which to design an original study. Important contributions were made
to the large body of existing research by experts from three main areas: psychiatry and
psychology, speech language pathology and speech science, and computer science and
artificial intelligence/machine learning. Studies from psychiatry and psychology were
characterized by well-assessed samples from clinical populations, and they prioritized the
evaluations of speech features in a manner that was relevant to traditional clinical
judgement. Primarily, this information allowed us to understand how to meaningfully
index psychopathology using speech features relevant to illness, and the importance of
precisely measuring participants on various facets of their illness for the purpose of
validating speech behavior in our analyses.

Studies from speech fields provided an in-depth look at the physiology and motor
components of speech production. These results gave context to findings from psychiatry
and psychology by providing a connection to the pathophysiological origins of disorder
symptoms. For example, studies positioned glottal and spectral features as the bridge
between the aroused or flat speech of depression and the psychomotor agitation or
retardation that causes it (Moore et al., 2008, 2004; Ooi et al., 2013; Ozdas et al., 2004;
Teixeira et al., 2013). In terms of acoustic analysis, these findings provided a deeper
understanding of the importance of certain features for disorder-specific assessment.
Investigations from computer science experts put a spotlight on automated analysis.
Machine learning models are being integrated into mental health research widely

(Thieme et al., 2020). Including these studies in our review was critical, as their findings

33



represent the future for the creation of automated clinical tools in healthcare. We learned
about the importance of multiple feature modelling for more accurate analysis of
psychopathology in speech.

We have put together a multidisciplinary research team with experts representing the
fields of psychiatry, speech language pathology, speech science, and computer science.
Understanding the various perspectives on speech analysis for the purpose of assessing
psychopathology equipped our team to develop a study that addressed prominent gaps in
the literature. Incorporating approaches from all faculties optimizes our ability to ensure
best-practice sampling and analysis techniques.

The development of the study methods presented in Chapter 3 took place over a period of
2 years, with influence from team members of all backgrounds. We collected a dataset of
speech samples from participants enrolled in ongoing projects and performed preliminary
analyses to validate and solidify our methods. We continuously engaged team members
in collaborative discussions to improve the efficacy of our methods and usability of our
data. We obtained ethics approval in August of 2020 from the Nova Scotia Health
Authority Research Ethics Board for The Vocal Mind Project, whose protocol is

described in the next chapter.
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Chapter 3: Sampling of Natural Speech for the Assessment of
Psychopathology: Data Collection Procedure and Interrater Reliability

Contributions:

KD and RU outlined the concept for this manuscript. KD and SHD analyzed the data. KD
wrote the manuscript with contributions from SR and RU. RU reviewed the draft and

provided edits. KD finalized the manuscript.
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Abstract

Speech is being studied extensively as a biomarker of psychiatric illness. Methods for
speech analysis differ depending on research discipline (speech science, psychiatry,
computer science). Consistent gaps have been identified in the current literature that limit
the applicability of speech analysis methods into clinical environments. We present the
sampling procedure and coding methods for a novel speech analysis study assessing
psychopathology. The study described was developed to complement existing work by
incorporating features to address gaps in the field. Speech variables were created to index
important features of psychiatric illness to aid in objective assessment. The speech
collection procedure successfully elicits continuous, natural narratives from participants
while minimizing and standardizing experimenter speech, providing audios that are ideal
for both manual and automated analysis. Multi-level coding practices allow detailed
analysis of all parts of participant speech, which can be compared against thorough
psychopathological assessment by experimenters. Interrater reliability for all speech

variables is presented and discussed.
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Introduction

Assessment of mental disorders through interviews and questionnaires is prone to bias
(Pavlova & Uher, 2020b). Speech may be an accessible and rich source of information
for a more objective measurement of psychopathology. Both speech content and speech
sounds contain information about a person’s mood and mental state (Newman & Mather,
1938). Measuring speech is becoming increasingly more common and simple — natural
speech is easy to record, and automated analysis methods continue to become more
accessible (Ratana et al., 2019; Tasnim & Stroulia, 2019). Acoustic, semantic, and
content features have been used to classify diagnoses of mental disorders, assess their
severity, and predict illness onset and treatment outcomes (Dikaios et al., submitted).
However, gaps in literature include the trans-diagnostic vs. disorder-specific nature of
speech features (Fraser et al., 1986; Stassen & Bomben, 1991), study of disorders other
than psychosis and depression (Dikaios et al., submitted), multi-diagnostic classification
(Sonnenschein et al., 2018), and application of speech analysis in clinical decision-
making to improve prognosis or treatment outcomes.

Most prior studies focused on either the content or the acoustics of speech (Cohen &
Elvevag, 2014; Tasnim & Stroulia, 2019), leaving the relative contributions and added
value of joint analysis of content and acoustic features unexplored. Advanced analytical
models may address these remaining questions and bring the speech analysis tools closer
to clinical application. These methods will require large representative samples of
individuals with a variety of diagnoses and speech sampling with standardized

procedures.
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We report on the development of a speech collection and analysis protocol aimed to
facilitate large scale sample collection and support the next steps in the development of
speech analysis for psychiatric applications. We further report the development of an
integrated semantic and content feature coding system informed by multidisciplinary
expertise, with the aim of indexing speech features relevant to symptom profiles across

diagnoses. Finally, we present initial data on inter-rater reliability of speech coding.
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Method

Participants

Participants include adults with a variety mental disorders and adults without any mental
disorder according to the Diagnostic and Statistical Manual, version 5 (American
Psychiatric Association, 2013). Participants for the present investigation were enrolled
through a participatory registry of patients at the Nova Scotia Health (Uher, 2016),
clinical referrals, and from the community of the Halifax metropolitan area in Nova
Scotia, Canada. We use broad inclusion criteria focused on the ability to provide a valid
speech sample in English: age 16 or older, able to give informed consent, and native
English speaker or English acquisition and fluency before 11 years of age. English
language proficiency is an essential criterion. Speech produced by someone for whom
English is a second or third language may introduce artifacts that appear as language
deficits or psychopathology. Exclusion criteria are a neurological illness affecting speech
or a language disorder.

The project plans to enroll 600 participants to create a corpus of data including at least 120
hours of audio recording. The present report describes the development of the data
collection, processing and coding procedures and evaluates these procedures in the first
200 participants.

Assessment of Psychopathology

On the day of speech sampling, each participant undergoes a diagnostic interview using
the Structured Clinical Interview for DSM-5 (SCID-5; First et al., 2015) that identifies
current and lifetime diagnoses of mental disorders, and additional interviews and

questionnaires to assess symptom severity and provide demographic and additional clinical
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information. The diagnostic interviews are completed by a clinician who is not involved in
obtaining the speech sample. The same clinician also completes the Mongomery and
Asberg Depression Rating Scale (MADRS), an extensively validated interview-based
measure of depressive symptom severity (MADRS; Montomergy & Asberg, 1979).
Depression symptoms are further assessed using the self-report Quick Inventory for
Depression Symptomatology (QIDS;(Rush et al., 2003)). Manic symptoms are assessed
using the Young Mania Rating Scale (YMRS;(Young et al., 1978)). Presence of mixed
episode symptoms is assessed using the experimenter rated Koukopoulos Mixed
Depression Rating Scale (Sani et al., 2018) and hypomanic symptoms are assessed with
the self-report Hypomania Checklist (HCL-32; Angst et al., 2005). Each participant also
undergoes a language assessment using the Expressive Vocabulary Test (EVT-3; Williams,
2018) to identify the presence of a language disorder or significant language impairment.

Speech Collection

Speech collection methodology has evolved over time. Before advanced transcription and
analysis tools became available, structured speech collection methods were used to
decrease variability in speech. These included reading a passage (Flint et al., 1992;
Martinez-Sanchez et al., 2015; Moore et al., 2008) and reciting a set of numbers (Stassen
& Bomben, 1991; Szabadi et al., 1976). These methods decreased the variability of
speech content, but often removed nuanced individual differences. This resulted in
speech correlates of illness with limited transferability to more natural settings (Cohen et
al., 2016; Wang et al., 2019). With the progress of speech analysis technology, “free” or
natural speech collection methods have been preferred for their similarity to clinical

interactions, which increases their generalizability (Cohen & Elvevag, 2014).
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There are many tested approaches to elicit a natural speech narrative. Previous studies
have used specific prompting techniques (Breznitz, 1992; Carrillo et al., 2018; Miller,
1996; Mota et al., 2017), whereas others analyzed recordings of unprompted clinical
patient-psychiatrist interactions (Gideon et al., 2016; O’Dell & Winder, 1975; Rosenberg,
1979; Zimmermann et al., 2017). There is no established superiority of natural speech
elicitation/collection methods, however some research has shown that speech features
may vary under certain emotional conditions (Himmelstein et al., 2018). Emotionally-
valanced speech prompting is used to prime participants with a certain emotion that may
influence their speech patterns and behavior. This is often accomplished by prompting
participants to speak about an emotionally salient time or event in their lives
(Brockmeyer et al., 2015; Hong et al., 2015; Novack, 2003). These methods may be some
of the most valid, as they closely mimic everyday interactions while a retaining consistent
structure constant across participants.

For the present study, we require a speech collection procedure that elicits a sufficient
amount of natural speech and allows manifestation of speech features relevant to a
variety of mental disorders. To elicit content relevant to mood and anxiety disorders, we
include prompts to elicit positive and negative autobiographic content. To facilitate the
study of illness development, prognosis and treatment, we require the speech collection
procedure to be repeatable with the same participant.

To meet the above requirements, we developed a procedure that uses three prompts to
elicit autobiographical narratives in neutral, positive and negative emotional contexts.

Procedure
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We recorded prompted speech using TASCAM DR-05X recorders. These recorders were
selected due to the high sound quality from bi-directional microphones that allow the
device to capture high quality sound at both high and low decibel spectrums.
Experimenters calibrate each recorder to the noise specifications of the room by adjusting
input level volumes before participants are assessed (see Section B of Appendix B).
During the recording of the sample, participants sit approximately 2 feet away from the
microphones. They are asked to speak for three minutes, three times, in response to three
different prompts that ask about a neutral, positive, and negative experience in the recent
past.

We developed a prompting script with the aims of maximizing natural participant speech
and standardizing and minimizing experimenter speech (Section C, Appendix B). After a
brief description of the procedure and giving an opportunity to ask questions, the
experimenter prompts for neutral, positive and negative narratives:

Neutral prompt:

“First, I would like to hear about how your last couple of weeks have been, and how

you 've been spending your time. Tell me how you 've been feeling and what you’ve been

up to lately.”

Positive prompt:

“Next, I want you to think about a time in the past few weeks when things went well for
you. Think about when you had a positive experience or when something good may have
happened to you. Take your time to think about it, and you can go ahead whenever you 're

ready.”

Negative prompt:
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“Lastly, I now want you to think about a time in the past few weeks when things didn’t go
well for you. Think about when you had a negative experience or when something bad
may have happened to you. Take your time to think about it, and you can go ahead

whenever you're ready.”

Each emotionally valanced prompt has a standardized set of short, secondary prompts
that are available as aids to the experimenter if initial elicitation does not produce a
narrative of 3 minutes, or if a participant asks questions about the subject matter or timing
of the procedure. These secondary prompts were developed over the preliminary data
collection phase to address the most common problems and questions encountered with
participants, keeping the variation in experimenter speech to a minimum. The full
description of the speech collection procedure, including the script, is provided in Section
B of Appendix B.

This procedure enables repeated assessments to capture any changes in mood or other
psychopathology over time and detect related changes in speech behavior. Speech
sampling was repeated after approximately 16 weeks, with variance allowed in the time
interval between samples capture change in mental state or treatment effects (Figure 1).
Further details of the speech collection procedures are available in Section B of Appendix
B.

Evaluating success of the speech collection procedure

We assessed the success of our novel script for eliciting natural narratives from
participants. We measured success as audio lengths over 10 minutes, which includes the
minimum time for prompt responses (9 minutes) with the addition of experimenter

prompting (1 minute). We calculated audio lengths and the proportions of participant and

44



interviewer speech. Additionally, we looked at the proportion of participants who were
able to provide us with sufficient speech for automated and manual analysis.

Audio sample processing and coding

Information relevant for psychopathology can be extracted from audio samples of speech
through coding by trained human raters or through automated computerized procedures.
The two approaches have complementary advantages. Computerized procedures may be
more reproducible, less prone to bias and more scalable to large number of samples.
However, current computational analysis typically requires a very large number of
examples and works well with segments of several seconds. Human coding may be more
directly informed by clinical knowledge and better capture the context across minutes of
speech. Importantly, computerized procedures require external labels to effectively learn
to extract relevant information from audio recordings. To leverage the potential of human
coding and computerized analysis, we have designed a procedure where speech samples
are first separated into segments lasting several seconds each, and then each segment is
coded for a number of relevant characteristics by trained human raters (Figure 1B).
Manually rated samples can be used directly to predict clinical diagnoses and outcomes,
but can also serve as segment-level labels for computerized speech analysis.

Each audio sample is electronically transcribed using Kaldi, an offline transcription
software (Kaldi: Kaldi, 2009) and the transcription is edited for accuracy by
experimenters. The transcriptions are then segmented by trained staff members. The
transcriptions are divided into sentence-length segments based on changes in speaker,

sentiment polarity, reference, and topic.
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Based on literature review and multidisciplinary expertise, we selected features that are
discernible in speech and relevant for psychopathology. Some clinical features are made
up of multiple speech characteristics. For example, anxiety may manifest as fast speech,
breathy sounds, inappropriate laughter or repetitive statements or dwelling on a topic
(Drost et al., 2014; Kotsopoulos & Mellor, 1986; Spinhoven et al., 2018; Toazza et al.,
2016). Since the relative validity of specific elementary features and composite speech
characteristics is unknown, we chose a selection of simple and composite features for
coding (Table 1; See Section D of Appendix B for detailed descriptions of each variable).
The selected variables are manually coded at segment level by trained human raters with
expertise in speech and language pathology, psychology, and psychiatry. Additional
variables are coded as global impression after listening to the entire speech sample. Two
thirds of the speech samples are rated by multiple raters independently to establish inter-
rater reliability. We quantified interrater reliability with intraclass correlation coefficient
(ICC) estimated in mixed effects models using maximum likelihood.

Coding

Once the samples are segmented, they are coded by trained raters. The majority of speech
variables developed to reflect psychopathological features are coded per segment, which
allows all speech parts to be described using multiple variables. Some variables are coded
only once per sample. Sample level ratings are akin to global impressions that a patient
may transmit to a clinician; segment-level ratings allow this impression to be further
quantified. Some segment level variables also have global (sample-level) counterparts.
By employing a two-leveled system, we can begin to understand the nuance behind

clinical phenomenology from speech, which will contribute towards integrating objective
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measures into psychiatric practice. The coding of all variables is described in Section D
of Appendix B.

Dataset structure

The above described procedures result in a corpus of speech audio samples with
independent external labels at two levels. (1) Diagnosis and symptom severity are
established at the level of individual assessment, by clinicians who do not hear the speech
sample. (2) Psychopathology-relevant features of speech are rated at the segment level
based on the speech audio only, by independent raters who are blind to the clinical

diagnosis and severity rating.
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Results

Participants

The first 200 participants included 157 females (70%) and 43 males (30%), and their
average age was 42 years old (range 21-81). The most common diagnoses were major
depressive disorder (MDD, 49.5%), anxiety disorders (45.5%), and bipolar disorder (BD,
20.5 %). Just over one fourth of participants were controls (26.5%) with no mental
disorder. The majority of participants with a mental disorder had more than one diagnosis
(Table 2).

Speech Elicitation

The first 200 participants provided 239 speech samples. We evaluated the success of
speech elicitation by measuring the cumulative length of participant speech in the audio
recordings. The audios were on average 11.6 minutes long (M (seconds) = 699.85, SD =
129.69). The average proportion of participant speech was 85% (in seconds, M = 596, SD
=120.66, Min. = 46, Max. = 1312), or approximately 10 minutes, with an average of 15%
experimenter speech (consisting of the script introduction and prompts). 96% of samples
contained over 5 minutes of participant speech.

Speech samples were divided into three emotionally valanced segments using specific
prompts. On average, responses to the neutral (first) prompt were just over 3 minutes
long (in seconds, M = 202.11, SD = 55.6, Min. = 41, Max. = 688), as were responses to
the second (positive) prompt (in seconds, M = 191.09, SD = 49.26, Min. = 0, Max. = 343)
and the third (negative) prompt (in seconds, M = 202.81, SD = 59.04, Min. = 0, Max. =

525). A one way ANOVA revealed that responses to the positive prompt were
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significantly shorter than responses to the neutral or negative prompt (F = 5.36, p =
0.0001). This difference was unrelated to diagnosis (¢ =-1.04, p = 0.297).

Inter-Rater Reliability

Table 2 shows interclass correlation coefficient (kappa) values for manually coded
speech samples from the first 200 participants. Over two-thirds (69%) of the samples
were coded by two or more raters. Raters accomplished high inter-rater reliability for
sentiment, affect, reference, and emotions (ICC 0.60 to 0.79). Rater agreement on
variables that were developed to detect more nuanced and sophisticated features of

psychiatric illness was lower (ICC 0.24 - 0.47).
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Discussion

The current paper describes a new data collection procedure and study design using
speech analysis for patient assessment in psychiatric setting. The procedure was
developed to elicit natural narratives from participants that would allow multi-level
human coding and automated analysis of content and audio features in the assessment of
psychopathology. The protocol aims to generate data that will support the development of
alternative measurement of psychiatric symptoms, adding objectivity to clinical practice.
The development of variables and coding practices was informed by literature review
(Dikaios et al., submitted) and expertise from a multidisciplinary team. The speech
elicitation procedure obtained adequate audio samples from almost all eligible
participants. Audio processing methods including segmenting allowed for extensive
manual and automated analysis. Human coders achieved high levels of agreement on
sentiment, basic emotions and person-relatedness aspects of the natural speech at segment
level.

Most participants sampled from the clinical population are patients of a mood disorders
clinic. Further enrollment efforts will focus more on recruiting from the community and
psychosis clinics. Participants enrolled to date represent a wide range of mood and
anxiety disorders. Participant samples include individuals with comorbid diagnoses, a
feature of this study that will increase the generalizability of the results to clinical
environments. As the literature has established natural, unstructured speech as the most
versatile (Cohen & Elvevag, 2014), the current study uses natural speech elicited with
emotionally valanced prompts to produce unmetered speech that simulates everyday

conversation. The success of speech elicitation is demonstrated by substantial audio
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recording lengths within emotionally polarized conditions. Minimal experimenter
interruption indicates the script achieves the goal of evoking a self-sustaining narrative,
which is ideal for both computerized and hand-coded analyses. As the script does not
specifically prompt for dialogue about illness or symptoms, it creates conditions more
closely mimicking an everyday conversation, which is less likely to be adjusted or
metered by the speaker. In this way, we are able to treat the speech as an objective
reflection of internal psychological processes, and therefore speech may be considered as
an accessible biomarker for potential clinical implementation.

Traditional speech feature variables were amended to reflect psychiatric symptoms
traditionally assessed using clinical measures or clinician judgement. In an effort to
objectify illness features, new variables were developed to index symptom characteristics
that are often assessed in clinical environments, but have yet to be explored using speech
analysis. With the development of a novel coding system, tests of interrater reliability
were performed frequently on coded speech samples to ensure agreement and mitigate
drift. Many of our speech variables demonstrated moderate-strong reliability between
multiple raters (McHugh, 2012).

Variables developed to detect more nuanced, abstract clinical features such as
attributional style (self-criticism) and cognitive capacity (coherence, richness) yielded
lower agreement between raters. There are a few potential explanations for this. First,
these lower kappa values may reflect the phenomenological nature of these illness
features, mirroring the difficulty clinicians may have in understanding these symptoms

(Cohen et al., 2013, 2014; Monferrer et al., 2021). Alternatively, it is possible that,
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although all raters received standard, comprehensive training for manual coding, different
expertise and clinical backgrounds may have contributed to rater drift.

Preliminary analysis of study data has provided us with considerations for moving
forward. Further recruitment efforts will focus on enrolling more men with the aim of
balancing the sex distribution of the sample, as well as recruiting from clinical
populations in order to sample more participants with schizophrenia spectrum disorders
(Table 2). We will increase the frequency of reliability testing for all speech variables to
achieve higher agreement between raters on more complex variables. The success of the
speech elicitation methods, as well as high interrater reliability on foundational speech
variables, highlight the strength and effectiveness of the current protocol to sample and

test speech as an objective biomarker of psychiatric illness.
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Table 1

Tables and Figures

Speech variable descriptions and rationale

Variable Definition Rationale
Measuring levels of negative
Sentiment sentiment can help assess

Negative, Positive, Neutral

Richness

Reference

Emotions
Neutral, Sadness, Joy, Fear,
Anger

Coherence

Variable

Used to identify polarity of segment.

Refers to lexical and semantic
complexity of speech.

Indicates whether the speaker is

referencing self, other, or a
relationship.

Presence of emotion as indicated by
speech content and acoustic tone.

Quantifies a speaker’s ability to
follow a logical narrative

Definition

depression (Breznitz, 1992;
Himmelstein et al., 2018).

Speech richness has been used
to assess depression and
psychosis (Cohen et al., 2014;
Corcoran & Cecchi, 2020).

More frequent self-reference
can be indicative of depression
or schizophrenia (Himmelstein
etal., 2018; Hong et al., 2015;

Zimmermann et al., 2017).

Speech emotion has been
linked to severity and illness
improvement in depression and
schizophrenia (Harati et al.,
2018; Minor et al., 2015;
Novack, 2003).

Coherence is used to index
speech disorganization in
psychosis (Ayer et al., 2016;
Elvevég et al., 2007; Pauselli et
al., 2018) and attention deficit
or distractibility (Engelhardt et
al., 2010; Mota et al., 2012;
Raucher-Chéné et al., 2017).

Rationale
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Anxiousness

Criticism

Self-criticism

Speaker repeatedly returns to future-
oriented narrative with anticipation
of a negative outcome.

Determined by acoustic features
such as rate of speech, stop/restarts
(stuttering), inappropriate laughter,

or unusually high pitch.

Including critical or demeaning
statements about anything or anyone
other than oneself.

Statements containing self-critical or
self-deprecating comments.

54

Higher levels of worry can be a
predictor of negative mental
health outcomes (Drost et al.,
2014; Spinhoven et al., 2018;
Struijs et al., 2018).

Limited literature on the
manifestation of anxiety in
speech points to more
hesitation, more variable
speech rate, and more breathy
sounds (Kotsopoulos & Mellor,
1986; Toazza et al., 2016).

Research shows higher levels
of outward-directed criticism
linked to depression (Breznitz,
1992).

Higher levels of self-criticism
linked to worse outcomes in
many disorders (Low et al.,

2020).



Table 2

Demographic and diagnostic information of the first 200 participants

N Percent
N 200 -
Sex (female) 157 70.09%
Diagnosis
Controls* 53 26.50%
MDD 99 49.50%
Bipolar 41 20.50%
Schizophrenia Spectrum 3 1.50%
Anxiety** 91 45.50%
OCD 11 5.50%
ADHD 31 15.50%
Mean SD
Age 42.48 11.90
MADRS score 10.36 941

Note. Some individuals have more than one diagnosis, accounting for overlap
*Controls are defined as participants who do not have any of the diagnoses listed
**Anxiety includes diagnoses of generalized anxiety disorder (GAD), social anxiety,

panic disorder, agoraphobia, and specific phobia

55



Table 3

Inter-rater reliability for speech variables

Speech variable ICC (kappa)
Sentiment 0.79
Affect 0.68
Reference 0.61

Emotions

Joy, Fear, Sadness, Anger, Neutral 000
Criticism 0.47
Coherence 0.37
Worry 0.32
Self-criticism 0.27
Anxiousness 0.25
Richness 0.24
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Figure 1

Flow of study procedure and sample analysis
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Chapter 4: Facilitating Original Data Analysis

Speech data for preliminary analysis and method validation were collected from two
ongoing research projects within the Nova Scotia Health Authority. Speech analysis
protocols were added to the procedures of these studies to increase biomarker assessment
and facilitate study development for The Vocal Mind Project (VMP). The Canadian
Depression Research and Intervention Network (CDRIN) Registry is an online registry of
patients, research participants, and community members with mood and anxiety
disorders. Participants of this registry can use research-validated self-rated measures to
monitor mood and related symptoms. The level of assessment of these participants varies
depending on their involvement in clinical care or research — those enrolled in research
studies undergo diagnostic assessment using the SCID-5 (First et al., 2015) and
depression severity assessment using the MADRS (Montomergy & Asberg, 1979).
Families Overcoming Risks and Building Opportunities for Well-Being (FORBOW) is a
longitudinal study of offspring and their parents aimed at early detection and monitoring
of mental disorders. The parent sample is enriched for participants with severe mental
illness (SMI; MDD, BD, and schizophrenia spectrum disorders). Adult participants of the
FORBOW study undergo diagnostic assessment using the SCID-5 (First et al., 2015) and
depression severity assessment (MADRS; Montomergy & Asberg, 1979).

The VMP protocol (described in Chapter 3) includes a wide range of assessments
appropriate for evaluating both speech and psychopathology (specifically mood and
anxiety disorders). Over the next three years, this project is set to recruit 400 participants
from both clinical and community populations. Restrictions relating to the COVID-19

pandemic impacted our ability to recruit the proposed amount of VMP participants within
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the first year of the study. The analyses in the following chapter were performed on a
blended sample of participants from the CDRIN Registry, the FORBOW study, and the
VMP. As CDRIN and FORBOW participants do not undergo formal language
assessment (EVT-3; Williams, 2018) or extensive assessment of mood disorder
symptoms (Quick Inventory for Depression Symptomatology (QIDS;(Rush et al., 2003)),
Young Mania Rating Scale (YMRS;(Young et al., 1978)), Koukopoulos Mixed
Depression Rating Scale (Sani et al., 2018), Hypomania Checklist (HCL-32; Angst et al.,
2005)), we were unable to incorporate all participant assessment measures described in
Chapter 3 in the following analyses. Although not all participants underwent formal
language assessment, all samples were screened by a speech language pathologist for
abnormalities in expressive and receptive language abilities.

As recruitment and enrollment continues for the VMP, we will have the ability to
prioritize more complete investigation of how mood symptoms and language ability
affect speech behavior in relation to psychopathology. The analyses in the following
chapter are preliminary, and results are meant to demonstrate the utility of our methods

and serve as guidance for future research.
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Chapter 5: Differentiating Bipolar and Unipolar Depression Using Speech
Analysis

Contributions:

KD and RU developed the concept for this manuscript. SHD, MA and MK provided
guidance on methods and statistical analyses. KD analyzed the data, with statistical
assistance from RU. KD wrote the initial draft of the manuscript. RU, MA, and MK

reviewed the draft and provided edits. KD finalized the manuscript.
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Abstract

Misdiagnosis of bipolar disorder is common, and subsequent treatment with unopposed
antidepressants can increase the likelihood of negative outcomes long-term. Speech has
been studied as a tool for objective assessment and shows potential as a biomarker of
psychiatric illness. There are few speech analysis studies focused on bipolar disorder. The
current study aimed to differentiate bipolar and unipolar depression using content
features of speech in a preliminary sample. Content variables were chosen to represent
features of depression, and each speech sample was manually rated by trained research
staff members. Three participant groups were included in the analysis: 47 participants
with bipolar disorder, 47 participants with major depressive disorder, and 47 controls.
Primary logistic regression model using content speech variables showed no significant
differences in speech features between unipolar and bipolar depression. In classification
accuracy analysis, the same speech features were able to discriminate between bipolar
and unipolar depressed participants with moderate accuracy (64.41%). Follow-up
analyses showed that speech content features were more strongly associated with
depression severity in the bipolar disorder group than the major depressive disorder
group. Limited power will be addressed by larger sample sizes as the investigation
continues. The potential utility of the analysis of psychiatric content variables is
demonstrated by moderate accuracy in discriminating bipolar and unipolar depression.
These results highlight the validity of speech as a biomarker of illness, and provide

direction for future work in the classification of affective disorders.
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Introduction

Bipolar disorder (BD) is an affective illness characterized by episodes of depression and
mania or hypomania, interjected by periods of full or partial remission. Prevalence rates
of bipolar disorders are estimated to be above 5%, and illness is most often accompanied
by significant life impairment and increased risk of suicide (Judd & Akiskal, 2003;
Merikangas et al., 2011; Moreno & Andrade, 2005). BD symptoms vary in presentation
and severity, making the disorder heterogeneous and sometimes difficult to diagnose
(Filakovi, 2011; Hantouche & Akiskal, 2005; Hirschfeld, 2014). The delay of accurate
diagnosis, estimated to be 5-10 years (Diler et al., 2017), can prolong the course of BD,
allowing for more negative long-term outcomes (Bowden, 2005). Currently, the
Diagnostic and Statistical Manual of Mental Disorders (DSM-5) necessitates the history
or presence of at least one manic or hypomanic episode in a patient’s life to grant a
diagnosis of bipolar disorder (American Psychiatric Association, 2013), however, it’s
been estimated that over 50% of BD cases begin with a depressive episode (Chang,
2009). Bipolar depressive episodes lack consistent symptomatic differences from
unipolar depressive episodes (Cuellar et al., 2005); 25-69% of patients with BD are
initially misdiagnosed with major depressive disorder (MDD), and subsequently treated
for unipolar depression (Birmaher, 2013; Bowden, 2005; Ghaemi, 2000; Gosek et al.,
2019). Treatment with antidepressant medications for individuals with BD can trigger
manic episodes, initiate rapid cycling, and may increase treatment resistance to
subsequent medication trials (Altshuler et al., 1995; Bowden, 2001; Fava, 2020; Post,

2005; Wehr et al., 1988).
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Research is exploring the early detection of BD using clinical, behavioral, and genetic
antecedents. As the presentation of depression can be heterogeneous, the assessment of
depressive symptoms alone is often unreliable for detecting BD (Brockington et al., 1982;
Goldberg, 2011). Objective biomarkers are being studied extensively to aid in diagnostic
accuracy (Fernandes et al., 2020; Huang et al., 2020; Poletti et al., 2021; Vai et al., 2020;
Zheng et al., 2019). One of these biomarkers is speech. Natural speech can act as an
objective marker of psychiatric illness and is easy to collect and analyze. Acoustic,
semantic, and content features of speech have been shown to classify psychiatric
diagnoses with high accuracy (Elvevég et al., 2010; Minor et al., 2015; Oxman et al.,
1988; Solomon et al., 2015; Wang et al., 2019; Willits et al., 2018).

Speech analysis literature in psychiatric research has focused on the study of depression
and schizophrenia (Dikaios et al., submitted). Studies on BD are limited, and are mostly
focused on assessing mood state and detecting mood changes (Faurholt-Jepsen et al.,
2016; Gideon et al., 2016; Pan et al., 2018; Vanello et al., 2012; J. Zhang et al., 2018).
These studies address issues of early intervention within bipolar illness for the purposes
of minimizing negative outcomes of manic and depressive episodes, however they do not
address the clinical task of initial, accurate diagnosis. Samples of participants with BD
have been included in studies of semantic speech features for differentiating between
psychotic disorders, but these have focused only on manic states of bipolar illness (R. E.
Hoffman, 1986; Mota et al., 2012). The task of differentiating unipolar and bipolar
depression has only recently emerged in the literature; only one study was identified. Su
and colleagues used acoustic features and machine learning methods to differentiate

between affective disorders and achieved moderate-high classification accuracy (2020). It
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has been shown that results obtained using acoustic features can vary widely depending
on both task (Cohen et al., 2016) and technology (Gideon et al., 2016), highlighting the
potential for the unique utility of content analysis in psychiatric settings. Differentiation
of unipolar and bipolar depression has not been attempted using semantic or content
features, so it is unknown if these types of features may offer better classification, or if
the addition of these features could increase diagnostic classification accuracy in a
combined model with acoustics.

As results differentiating affective illnesses are limited, it may be possible to make
inferences to speech from studies of clinical correlates of BD. Research has identified
depressive symptoms that, considered in combination, have the ability to increase the
accuracy of initial BD diagnoses (Benazzi et al., 2002; Bowden, 2005; Diler et al., 2017;
Gosek et al., 2019). Although some results pertaining to which depressive symptoms
might be differentiating are conflicting, studying the potential for diagnostic
classification may advance the understanding of the bipolar spectrum (Angst et al., 2018;
Benazzi et al., 2002; Mondimore, 2005). Many of the same depressive symptoms
explored in these studies have been described in speech literature, used to study unipolar
depression. For instance, acoustic features index affective blunting, or flat affect in
depression (Moore et al., 2008, 2004; Novack, 2003; Quatieri & Malyska, 2012; Stassen
& Bomben, 1991). Certain aspects of speech content can illustrate cognitive biases in
depression such as strong personal association with negative life events (Breznitz, 1992;
Mete, Schnurr, et al., 1993) or self-focused thinking (Himmelstein et al., 2018).

Characterizing these common symptoms using speech variables can allow more objective
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analysis of depressive features and may provide a more accurate assessment of both
unipolar and bipolar depressive illness.

Using content features to characterize depressive illness may increase our understanding
of many symptoms that are traditionally assessed phenomenologically. The nature of
speech content is such that its analysis can reveal important insights into an individual’s
internal state, above and beyond the words that are said (Pennebaker et al., 2003;
Tausczik & Pennebaker, 2010). In the context of BD, this understanding may be of much
greater importance due to the potential for negative outcomes in the case of misdiagnosis.
While clinical self-report and interview measures to assess bipolarity exist (Feng et al.,
2017; Hantouche & Akiskal, 2005; X. Zhang et al., 2021), they are underused due to time
constraints and perceived burden on ill patients, and rely heavily on retrospective recall
from patients that may lack insight or capacity at the time of assessment (Pavlova &
Uher, 2020a). Speech analysis could provide a faster, more objective method of assessing
for bipolarity. Specifically, content features may have unique power to represent
psychopathological features in a nuanced way.

The current study aims to assess whether a model of combined speech content variables
can differentiate between unipolar and bipolar depression. The variables were developed

specifically to index depressive symptoms.
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Methods

Novel speech methods were developed with the aim of eliciting a natural narrative from
participants with minimal experimenter prompting or interruption. Methods for the
speech collection procedure are explained in further detail in Chapter 3.

Participants

Participants were included if they were 18+ years old and spoke fluent English (see
Chapter 3 for fluency criteria). Participants were excluded if they were currently
experiencing a manic or hypomanic episode, had a diagnosed neurological illness or a
history of severe concussion or traumatic brain injury with symptoms lasting more than a
few weeks. Participants were excluded if they had a previously documented language
disorder, significant receptive or expressive language difficulties (assessed by a Certified
Speech Language Pathologist), or if English was not their first language. All participants
were assessed for psychopathology using the SCID-5 (First et al., 2015). Participants
with a diagnosis of a schizophrenia spectrum disorder were excluded from the sample.
Participants were divided into three groups: MDD, BD, and controls. The BD group
included participants with diagnoses of either bipolar disorder I (BDI) or bipolar disorder
IT (BDII). It has been shown that individuals with BD II also experience significant
impairment (Moreno & Andrade, 2005). Additionally, research suggests that individuals
with BDII are at a higher risk of being misdiagnosed with MDD than those with BDI, as
the presence of hypomania can be much more difficult to detect than mania, and the
depressive features more similar to MDD than BDI (Hantouche & Akiskal, 2005). We
included individuals with BDII in our sample to increase the generalizability of results.

The control group consisted of participants with no major mood disorder.
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Speech Collection

We collected 10—15-minute speech samples from each participant. Speech was elicited
using an emotionally valanced prompting script (Section C of Appendix B). The script
was developed with the aim of effectively eliciting an uninterrupted, natural narrative
about the participants’ lives while minimizing and standardizing experimenter speech
within the recording. Participants were asked to speak for three minutes in response to
three questions; the first prompted for a neutral autobiographical narrative, the second for
a negative narrative, and the third for a positive narrative.

Assessment

All interviews were conducted by trained research staff and graduate students, under the
supervision of a clinical psychologist and a psychiatrist. Demographic information and
physical and mental health history were collected from all participants at the beginning of
each assessment. The presence or absence of a psychiatric disorder was determined using
the Structured Clinical Interview for the DMS-5 (SCID-5; First et al., 2015). All
diagnoses were confirmed in a consensus meeting with a psychiatrist or psychologist.
Depression symptoms were assessed using the experimenter-rated Montgomery and
Asberg Depression Rating Scale (MADRS; Montomergy & Asberg, 1979).

Variable Selection

The methodology of the current study was developed to address gaps in published speech
analysis research. We selected speech features based on clinical relevance, published
evidence (Dikaios et al., submitted) and adequate interrater reliability (McHugh, 2012).

Variables with an intraclass correlation coefficient less than 0.20, representing no
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agreement between raters, were excluded from the analysis (See Chapter 3 for more
detailed information on speech variables and reliability).

As speech analysis literature for BD is limited, speech features were selected based on a
synthesis of results from speech analysis research and clinical research on differentiating
between unipolar and bipolar depression. We completed a brief literature review to
understand the differences between clinical presentations of depression in MDD and BD
(Table 1). Speech variables were selected to optimize the representation of the symptoms
most often specified in the literature. Rationale for the selection of each speech variable
for the current study is presented below, organized by the symptoms they were selected
to represent. See Section E of Appendix B for full descriptions of each variable. Speech
feature variables were used to code segmented transcripts of audio samples from each
participant. Further information on speech sample processing and feature coding is
outlined in Chapter 3.

The following symptoms are categorized by whether the literature has indicated their
differential presentation between MDD and BD (directional) or not (exploratory) (Table
1). Variables used to index directional symptoms formulate the primary hypothesis.
Exploratory analyses will be undertaken to investigate non-directional symptoms with the
respective variables indicated.

Directional:

Attention Deficit

Literature suggests that attention deficits are more prevalent in BD (Table 1). Attentional
problems have often been used as prodromal antecedent markers for the development of

the illness (Meyer et al., 2004). Measures of verbal fluency have been used to test
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attention deficit in BD (Raucher-Chéné et al., 2017). In the current study, attention deficit
and distractibility were explored using coherence and richness.

Racing thoughts/flight of ideas

One hallmark symptom of bipolar mania is racing thoughts or flight of ideas. It has been
suggested that these features of mania may derive from the same neuropsychological
deficit as the attention, fluency, and executive functioning deficiencies in bipolar
depression (Gruber et al., 2007; Malhi et al., 2007). We posited that the same variables
used to index attention deficit may work to characterize the underlying
neuropsychological effects that cause various types of cognitive deficits in BD
(coherence and richness).

Negative emotions

An increase in negative emotions has been consistently shown to be more prevalent in
unipolar depressive illness than bipolar (Table 1). We included the emotion variables
anger and sadness, as well as the sentiment variable into the primary analysis to index
this illness feature.

Guilt

Guilt, or self-directed blame, is a hallmark symptom of depression, and may increase the
likelihood of suicidal ideation (Kealy et al., 2021; Kim et al., 2011). Existing literature
suggests this symptom is more commonly exhibited in unipolar depression (Forty et al.,
2008; Gosek et al., 2019; Hantouche & Akiskal, 2005). We modelled guilt with the
variable self-criticism.

Exploratory:

Agitation
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The presence of agitation in depression has been implicated in both unipolar and bipolar
diagnoses (Table 1). For this reason, it has been included in the exploratory analyses for
the current study. Swann and colleagues (2013) proposed different operationalization of
agitation for MDD and BD. They suggested that agitation in MDD presents as “painful
inner tension”, whereas agitation in BD presents as “goal directed activity” (Swann,
2013). Definitions of psychomotor agitation have fluctuated across time and literature,
but generally implicate both physical and mental processes (Day, 1999). In speech,
agitation has been explored using primarily acoustic variables (Alpert et al., 2001;
Novack, 2003). In the current study, agitation for the differentiation of bipolar and
unipolar depression was modeled using coherence, richness, and anxiousness.
Psychomotor Retardation/Affect

Psychomotor retardation is more often referenced as a feature characteristic of bipolar
depression; however, some results are incongruent (Table 1). Psychomotor retardation is
characterized by physical and mental slowing and changes in affective modulation (Flint
et al., 1993; G. M. Hoffman et al., 1985). Affective blunting, or the presence of a flat
affect, often occurs as a product of psychomotor retardation (Cummins, Epps, &
Ambikairajah, 2013). Semantic speech correlates of affective flattening are exhibited as
monotonous speech with a lack of vocal inflection. In the current study, the presence of
flattened affect was explored using the affect variable.

Anxiety

The presence of anxiety in depression is common. It is unclear whether anxiety better
characterizes unipolar or bipolar depression (Table 1). We measured the presence of

anxiety in speech using the variables worry and anxiousness.
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Irritability

Table 1 shows that irritability has been found to be a feature of both bipolar and unipolar
depressive disorders. Studies have defined irritability as persistent anger, sometimes with
outbursts and blaming or criticism of others (Benazzi & Akiskal, 2005; Perlis et al.,
2004). To characterize irritability, we used anger and criticism variables.

Statistical Analyses:

Hypothesis
Symptoms listed above under the directional category compose the primary hypotheses:
Select speech features modelled together will significantly discriminate between bipolar
and unipolar depression.

a. Coherence

b. Anger

c. Sadness

d. Sentiment

e. Self-criticism

Exploratory Analyses:

The ability of speech features to index the symptoms in the previous section identified as
“exploratory” will be tested using the respective variables indicated.

Data analysis:

All analyses were performed using the statistical software STATA 16.1. Descriptive
statistics were used to explore participant demographics and any differences between
groups were assessed using Pearson’s chi squared test for homogeneity or one-way

ANOVAs. A logistic regression model was used to test the primary hypothesis,

72



differentiating unipolar and bipolar depression using selected speech variables.
Classification accuracy of the primary analysis was tested using post-estimation
outcomes. Statistical significance for the primary hypothesis was defined as a two-tailed
p-value<0.05.

Logistic regressions were used for exploratory analyses. Linear regression models were
used as follow-up analyses to test associations between depression severity and select
speech features in BD and MDD groups. Statistical significance for exploratory and
follow-up analyses was adjusted to p-value<0.001 to account for multiple testing,
determined by taking a conservative estimate of the traditional p<0.05 divided by the
number of additional tests.

Sensitivity analyses were completed to control for the effects of psychiatric medications
and comorbid anxiety, obsessive compulsive disorder (OCD), and attention
deficit/hyperactivity disorder (ADHD) on the primary model. We included these
variables of interest individually as covariates in the primary model, to see if they
impacted the results. Age and sex were included as fixed effects covariates in all

analyses.
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Results

Participants

One participant was excluded because of history of a traumatic brain injury with
symptoms lasting more than a few weeks. Two participants were excluded due to
significant receptive and expressive language difficulties. Two participants were
excluded due to having English as a second language without sufficient proficiency. No
participants presented with significant mixed or hypomanic symptoms.

The final sample consisted of 141 participants: 47 participants in the BD group, 47
participants in the MDD group, and 47 participants in the control group. Participants
from the control group were hand-matched to those in the BD based on age and sex.
MDD participants were matched to BD participants according to age, sex, and depression
severity level.

Participants were grouped based on depression severity as scored on the MADRS:
MADRS<7 indicates the absence of depression; MADRS 7-19 indicates mild depression;
MADRS 20-35 indicates moderate depression; MADRS>35 indicates severe depression
(Muller et al., 2003). Table 2 shows the number of participants in each depression
severity category per diagnosis group. Participant groups did not differ in terms of age or
sex (Table 3). Participants in the MDD group had significantly more anxiety than those in
the control group (y>=8.57, p=0.014; Table 3). The groups did not differ significantly on
rates of ADHD or OCD. The MDD and BD groups did not differ significantly with
respect to depression severity (F=0.70, p=0.8421). Participants were mostly female

(65%) and had an average age of 42 (SD=12.370).
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Groups differed significantly on rates of some medications (Table 3). Significant group
differences on medications were expected based on diagnosis. Participant groups
(including controls) did not differ significantly on any psychiatric medication use (y
2=1.713, p=0.425).

Selected speech characteristics differentiating bipolar and unipolar depression

A binomial logistic regression model was used to test the ability of selected speech
features to differentiate between bipolar and unipolar depression (Table 4). The model
was not significant (pseudo R°=0.084, p=0.4407); the selected speech features did not
account for a significant amount of the variance between bipolar and unipolar depression.
Testing the classification accuracy of the regression model showed that the model
correctly classified 64.41% of depressed participants as either having a BD or MDD
diagnosis; model sensitivity was 60%, specificity was 68.97%.

Another binomial logistic regression was used to test whether the speech variables could
differentiate between affective diagnoses regardless of the presence of a major depressive
episode (MDD and BD; Table 5). This model included participants with BD and MDD
diagnoses that fell under the “no depression” group as defined by MADRS score. That
model was not significant (pseudo R’=0.022, p=0.8953); the selected speech features did
not account for a significant amount of the variance between BD and MDD. The model
showed low accuracy, correctly classified 56.38% of participants into their diagnostic
groups with 57.45% sensitivity and 55.32% specificity.

We performed a logistic regression to see if the same speech features could differentiate
between participants with a diagnosis of BD or MDD and controls (Table 6). That model

was not significant (pseudo R’=0.059, p=0.1538). The selected speech features did not
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significantly differentiate between unipolar and bipolar depression, or between affective
diagnoses and controls.

Exploring additional speech characteristics in differentiating bipolar disorder from

depression

Agitation

We tested differences in agitation between unipolar and bipolar depression using
binomial logistic regression (Table 7). Coherence, richness, and anxiousness were
included in the model, along with age and sex as fixed effects covariates. The model was
not significant (pseudo R’=0.076, p=0.2874).

Affect

The role of affect for differentiating between unipolar and bipolar depression was tested
using logistic regression. The model was not significant (R=0.024, p=0.5742; Table 8).
Affect did not account for a significant amount of the variance in speech parameters
between bipolar and unipolar depression.

Irritability

Irritability was modeled using anger and criticism in a logistic regression (Table 9). The
model was not significant (pseudo R’=0.027, p=0.6917).

Anxiety

Differences in anxiety symptoms between bipolar and unipolar depression were tested
using logistic regression (Table 10). Worry and anxiousness were included in the model.
The model was not significant, pseudo R’=0.1166, p=0.0491.

Associations between selected speech variables and depression severity
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We used multiple linear regression tests to examine associations between depression
severity scores (MADRS) and the speech variables that were included in the primary
analysis within each affective diagnosis group (BD and MDD; Table 11). Each model
included age and sex as covariates.

Speech coherence did not account for a significant amount of the variance in depression
severity in either the BD group (R? = 0.0603, F(3, 44) = 0.88, p = 0.4606) or the MDD
group (R? = 0.056, F(3, 44) = 0.86, p = 0.4680). Anger did not account for a significant
amount of the variance in depression severity in the BD group (R* = 0.128, F(3, 44) =
2.01, p =0.1281) or the MDD group (R*> = 0.052, F(3, 44) = 0.81, p = 0.4951). Notably,
speech anger was correlated with depression severity more strongly in the BD group (B =
2.129, 1(44) =1.79, p = 0.081) than in the MDD group (B =0.247, #(44)=0.21,p =
0.831), although the test was not significant.

Sadness in speech accounted for a marginally significant amount of the variance in
depression severity in the BD group (R? = 0.308, F(3, 44) = 6.09, p = 0.0016) at the p-
value<0.001 level. Sadness was more strongly correlated with depression severity in the
BD group (B =3.786, #(44) = 3.83, p <0.001) than in the MDD group (B =2.973, #(44) =
3.06, p = 0.004).

Negative sentiment accounted for a significant amount of the variance in depression
severity in both the BD (R* = 0.207, F(3, 44) = 3.57, p = 0.0220) and MDD groups (R*> =
0.203, F(3, 44) =3.74, p = 0.0178) at the p-value<0.05 level, however significance did
not survive p-value corrections. Strength of correlation between negative sentiment and
depression severity did not differ between BD (B = 3.42, #(44) = 2.76, p = 0.009) and

MDD groups (B = 3.026, #(44) =2.89, p = 0.006).
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Self-criticism in speech did not account for a significant amount of the variance in
depression severity in either the BD (R? = 0.123, F(3, 44) = 1.91, p = 0.1424) or MDD
groups (R* = 0.053, F(3, 44) = 0.82, p = 0.4883). Although not significant, the correlation
between self-criticism and depression severity was stronger in the BD group ( =

1.773, t(44) = 1.71, p = 094) than in the MDD group (p = 0.324, #(44) = 0.29, p = 0.776).
We performed linear regressions including all speech variables to understand their
combined contribution to the variance in depression severity in each group (Table 12).
Speech features from the primary hypothesis model accounted for 39% of the variance in
depression severity in the BD group (R? = 0.393, F(7, 40) = 3.43, p = 0.0064), which
trended towards significance at the p-value<0.001 level. Speech features explained 27%
of the variance in depression severity in the MDD group (R? = 0.272, F(7,40)=2.14, p =

0.0613), which was non-significant at the p-value<0.001 level.

Sensitivity analysis

Sensitivity analyses were performed to control for the effects of medications and
comorbid diagnoses in the primary and significant models. It has been suggested that
comorbid diagnoses may affect speech parameters for certain disorders (Sonnenschein et
al., 2018), and few studies included participants with multiple diagnoses (Dikaios et al.,
submitted). Medications were included to account for possible sedative or arousing

effects that could influence speech production.

Psychiatric comorbidities and medications were included as covariates in the primary
logistic regression model and explored individually. Inclusion of these effects did not

change the results of the model.
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We further explored the significant associations between depression severity and speech
variables by controlling for effects of medications and comorbid diagnoses. Medications
and comorbid diagnoses had no effect on the significant association between depression

severity and sadness in speech.

Statistical Power

We completed a post-hoc power calculation to understand our ability to have detected
results in the proposed sample (100 participants per group), contrasted with our ability to
detect results in the current sample (47 participants per group). We will use this
information going forward as we continue to recruit and enroll participants for this and

related speech analysis investigations.

The power analysis performed on the primary logistic regression model showed that, with
47 participants per group, we were underpowered to detect significant differences
between unipolar and bipolar depression (Table 13). Based on the accuracy of prediction
identified in our primary model, a sample of 100 participants per group will be required
to provide sufficient power to determine whether the selected speech features

differentiate bipolar from unipolar depression at alpha level of 5% (Table 12).
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Discussion

The current study investigated speech differences between bipolar and unipolar
depression using speech content features. The differentiation between bipolar and
unipolar depression has not been previously addressed. We aimed to look at the potential
for the analysis of psychopathology content variables to provide objectivity in the
differentiation of bipolar and unipolar depression in our preliminary dataset. Speech
variables for the current study were developed to index important symptoms of
depression that have been identified in the literature as being potentially discriminatory
between BD and MDD. We hypothesized that speech features selected based on
published findings discriminating BD from MDD would be able to differentiate between
unipolar and bipolar depression.

Our primary model did not significantly differentiate bipolar from unipolar depression in
our sample. Classification accuracy was 64.41%. This negative result may be a
combination of a relatively weak signal and less than adequate statistical power.
Statistical power is an important consideration, especially in the context of heterogeneity
of the disorders under study and the current sample in terms of depression severity,
comorbid diagnoses, and psychiatric medication use. A post-hoc power analysis
suggested that we were underpowered to detect significant results in our primary model.
Due to restrictions brought on by the COVID-19 pandemic, we were unable to enroll the
number of participants originally proposed for this preliminary investigation.

Samples from identified speech analysis studies using content features have ranged from
12-100+ participants (Dikaios et al., submitted). Most of these studies have used simple,

and in some cases, automated, content analysis methods, potentially explaining their
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ability to detect significant results with lower numbers of participants. Future analyses
will benefit from continuing recruitment from clinical and population samples to increase
our power to detect these differences.

Results from analyses with depression severity scores allowed us to understand the
findings of the power analysis. Speech features from the primary model accounted for
39% of the variance in depression severity scores in the BD group. This finding suggests
potential for our content analysis methods to detect important differences between
affective disorders.

Testing for correlations of individual speech features with depression severity showed
revealed notable findings. Although the significance of some results did not survive p-
value corrections, they highlight potential differences that could be better evaluated with
higher power. Anger correlated with depression severity more strongly in the BD group
than the MDD group, although these results were non-significant. These results may be
indicative of effects that could be better understood with higher power, however current
interpretation must be understood to be speculative. Literature on clinical correlates of
depressive disorders suggests that negative emotions are more characteristic of unipolar
depression (Batmaz et al., 2013; Fierro et al., 2016). However, studies that have
characterized negative emotion as a feature of MDD have defined it as sadness (Fierro et
al., 2016) and frequency of negative cognitions (Batmaz et al., 2013). In the

present study, anger was coded to represent a wider range of negative emotions with
arousal, including irritation and hostility (Section E, Appendix B). Some studies have
demonstrated that symptoms such as agitation and irritability may better characterize

BD (Benazzi et al., 2002; Diler et al., 2017; Perlis et al., 2004). This finding suggests that
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it may be more difficult than originally thought to parse out the differences between
emotional anger and anger as a feature of agitation in clinical populations (Swann, 2013).
More thorough assessment of agitation and irritability in all participants may allow us to
better explain this difference in the future.

Sadness and self-criticism correlated with depression severity in the BD group more
strongly, although these differences were not significant. It is possible that higher power
would allow these differences to come through more strongly, however these trends may
not be a true representation of the differences present between BD and MD. Published
evidence often characterizes the presence of sadness and self-criticism (guilt) as
characteristic of unipolar depression (Table 1); it is possible that indexing these
symptoms with content speech variables is revealing differences between unipolar and
bipolar depression not yet encountered using traditional measures. Some evidence
suggests that speech analysis may have the ability to uniquely define phenomena in
psychiatric illness that may be muddied by traditional symptom measures and subjective
assessment by clinicians (Alpert et al., 1995, 2000; Cohen et al., 2008). Higher power
would allow us to interpret results with more certainty.

Our models were fit onto a small preliminary dataset of participants. As we used a
traditional statistical approach to identify speech features that discriminated between
groups, the potential of overfitting of models must be considered. Speech data is complex
and effects of gender, race, age, education, and other demographic variables can
influence speech production, potentially adding noise to the dataset. The size of the

dataset did not allow for the incorporation of training and validating analyses. Without
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being able to assess the relative generalizability of our results in a larger dataset, we treat
the present results as preliminary.

We used participant group matching to control for the possibly confounding effects of
age, sex, and depression severity on our results, in an attempt to detect only speech
effects related to psychopathology. Although group matching may mitigate some noise in
our dataset, there are implications to consider. Matching the number of participants in the
control group to that of the experimental groups limits the range of speech feature
variability that defines “unaffected” participants. This may increase the likelihood of
committing Type I error. Increasing the number of participants overall will allow us to
structure our dataset in a manner more representative of the sampling population.

The present study benefits from thorough assessment of psychopathology for all
participants, verified by mental health clinicians specializing in diagnosis and treatment
of affective disorders. Study methods were developed with reference to literature from
the fields of psychiatry, speech science, and computer science and machine learning
(Dikaios et al., submitted), allowing us to incorporate established speech analysis norms
and address gaps present in the work published thus far. Preliminary results show
promise for the utility of novel speech content variables in the assessment of bipolar
depression. The capability of these variables to differentiate unipolar and bipolar
depression will be better assessed in a larger sample. The investigation is ongoing, and
further recruitment and enrollment will increase statistical power and provide us with a
clearer picture of important differences between unipolar and bipolar depression in the

future.
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Table 1

Tables and Figures

Synthesized results of studies investigating clinical correlates of bipolar and unipolar

depression
Unipolar
Symptom Bipolar depression No difference/mixed
depression
(Benazzi, 2007; Benazzi (Bowden, 2005;
et al., 2002, 2004; Diler | Cuellar et al., 2005;
Agitation et al., 2017; Hantouche Filakovi, 2011; (Swann, 2013)
& Akiskal, 2005; Galviao et al., 2013;
Hirschfeld, 2014) Gosek et al., 2019)
(Bowden, 2005; Fierro et
al., 2016; Filakovi, 2011;
Psychomotor (Hantouche & (Cuellar et al., 2005;
) Mondimore, 2005; )
Retardation/Affect Akiskal, 2005) Galvao et al., 2013)
Motovsky & Pecenak,
2013)
(Bowden, 2005;
(Diler et al., 2017, Cuellar et al., 2005; (Galvao et al., 2013;
Anxiety Galviao et al., 2013; Gosek et al., 2019; | Hantouche & Akiskal,

Hirschfeld, 2014)

Nuiiez et al., 2018;
Scott et al., 2013)

2005)

Attention deficit

(Diler et al., 2017; Gosek
et al., 2019)

Negative
emotions

(sadness, anger)

(Batmaz et al., 2013;
Bowden, 2005; Diler
et al., 2017; Fierro et

al., 2016)

(Cuellar et al., 2005)

Racing thoughts,
flight of ideas

(Diler et al., 2017;
Hirschfeld, 2014; Scott
et al., 2013)
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Symptom

Unipolar

Bipolar depression
depression

No difference/mixed

Guilt

(Forty et al., 2008;

(Motovsky & Pecenak, Gosek et al., 2019;
2013) Hantouche &

Akiskal, 2005)

(Cuellar et al., 2005)

Self-reference

(Himmelstein et al.,
2018; Zimmermann

etal., 2017)

Irritability

(Benazzi & Akiskal, (Diler et al., 2017;
2005; Perlis et al., 2004) Perlis et al., 2009)
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Table 2
Depression severity stratification by participant group

Severity Controls MDD BD Ve p-value
No depression 39 18 17 25.4596 <0.001
Mild depression 8 21 24 10.6824 0.005
Moderate 9.2842 0.010
depression ) s ¢
Severe - -
depression ) ) )

Note. No depression = MADRS<7; mild depression = MADRS 7-19; moderate

depression = MADRS 20-35; severe depression = MADRS 35+
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Table 3

Participant demographics

Unipolar Bipolar
Controls depression  depression F P
value
(MDD) (BD)
n 47 47 47 - -
41.43 43.04 42.53
Age (mean (SD)) 0.58 0.9751
(10.98) (13.09) (13.08)
ba p-value
29 32 28
Females (%) 0.46 0.796
(61.70%) (68.09%) (59.57%)
11 25 21
Other Anxiety! 8.57 0.014
. (23.40%) (53.19%) (44.68%)
diagnoses
(@) ADHD 5(10.64%) | 8(17.02%) | 4(8.51%) 1.51 0.470
n
’ OCD 1(2.13%) | 3(6.38%) | 5(10.64%) 1.15 0.563
13
Antidepressants | 2 (4.26%) 6 (13.64%) 10.15 0.006
(28.26%)
. 10
Anticonvulsants | 1(2.13%) | 3 (6.52%) 13.82 0.001
(22.73%)
Psychiatric ) ) 13
o Antipsychotics | 1(2.13%) 1 (2.17%) 24.86 | <0.001
medications (29.55%)
(n (%)) . 19
Lithium 0 0 52.69 | <0.001
(43.18%)
13
Benzodiazepines | 3 (6.38%) | 3 (6.52%) 11.06 0.004
(29.55%)
Stimulants 0 (0%) 2 (4.35%) 0 (0%) 4.14 0.126

! Anxiety encompasses diagnoses of social anxiety, generalized anxiety disorder, specific

phobia, agoraphobia, and panic disorder
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Table 4

Binomial logistic regression results using speech features to differentiate between

unipolar and bipolar depression

Full model:

Pseudo R*=0.0842, p=0.4407

95% Confidence
Speech Odds Standard
z p-value Interval
variables* Ratio Error
LL UL
Coherence 1.065 0.357 0.19 0.851 0.552 2.056
Anger 1.519 0.458 1.39 0.165 0.842 2.743
Sadness 1.121 0.388 0.33 0.743 0.568 2.210
Negative
. 0.480 0.225 -1.57 0.117 0.192 1.202
sentiment
Self-criticism 1.548 0.457 1.48 0.139 0.868 2.762
Age 0.997 0.020 -0.18 0.861 0.958 1.036
Sex 0.699 0.449 -0.56 0.577 0.199 2.460

Note. All speech variables (*) have been standardized
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Table 5

Binomial logistic regression results using speech features to classify between MDD and

BD

Full model:

Pseudo R*=0.0221, p=0.8953

95% Confidence
Speech Odds Standard
z p-value Interval
variables* Ratio Error
LL UL
Coherence 1.158 0.256 0.67 0.506 0.751 1.786
Anger 1.015 0.244 0.06 0951 0.633 1.626
Sadness 0.847 0.233 -0.60 0.547 0.494 1.454
Negative
. 0.865 0.275 -0.46 0.648 0.463 1.614
sentiment
Self-criticism 1.097 0.232 0.44 0.662 0.725 1.659
Age 0.994 0.016 -0.38 0.702 0.962 1.026
Sex 0.761 0.348 -0.60 0.551 0.311 1.866

Note. All speech variables (*) have been standardized
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Table 6

Multinomial logistic regression results using speech features to classify experimental

group participants (BD and MDD) from controls

Full model:
Pseudo R’=0.0594, p=0.1538

95% Confidence
Speech Odds Standard
z p-value Interval
variables* Ratio Error
LL UL
Coherence 0.930 0.179 -0.37 0.708 0.638 1.356
Anger 0.691 0.155 -1.64 0.101 0.445 1.074
Sadness 1.227 0.551 0.65 0.513 0.665 2.264
Negative
. 1.786 0.551 1.88 0.060 0.975 3.270
sentiment
Self-criticism 1.035 0.234 0.15 0.878 0.665 1.612
Age 1.011 0.016 0.65 0.513 0.979 1.043
Sex 0.886 0.357 -0.30 0.764 0.402 1.951

Note. All speech variables (*) have been standardized
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Table 7

Binomial logistic regression results using speech features indexing agitation to

differentiate between bipolar and unipolar depression

Full model:

Pseudo R*=0.0758, p=0.2874

95% Confidence
Speech Odds Standard
z p-value Interval
variables* Ratio Error

LL UL
Coherence 1.168 0.375 0.48 0.628 0.623 2.190
Richness 1.467 0.488 1.15 0.248 0.765 2.811
Anxiousness 0.656 0.220 -1.26 0.207 0.340 1.264
Age 0.988 0.019 -0.62 0.538 0.951 1.026
Sex 0.454 0.278 -1.29 0.197 0.136 1.510

Note. All speech variables (*) have been standardized
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Table 8
Binomial logistic regression results using affect to differentiate between bipolar and
unipolar depression

Full model:
Pseudo R’=0.0244, p=0.5742

95% Confidence
Speech Odds Standard
z p-value Interval
variables* Ratio Error
LL UL
Affect 0.887 0.241 -0.44 0.660 0.521 1.510
Age 0.993 0.019 -0.39 0.694 0.957 1.030
Sex 0.509 0.297 -1.16 0.247 0.163 1.595

Note. All speech variables (*) have been standardized
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Table 9
Binomial logistic regression results using variables indexing irritability to differentiate
between bipolar and unipolar depression

Full model:
Pseudo R’=0.0274, p=0.6917

95% Confidence
Speech Odds Standard
z p-value Interval
variables* Ratio Error
LL UL
Criticism 0.783 0.393 -0.49 0.625 0.293 2.093
Anger 1.374 0.682 0.64 0.522 0.520 3.633
Age 0.989 0.020 -0.56 0.573 0.951 1.028
Sex 0.482 0.281 -1.25 0.211 0.154 1.511

Note. All speech variables (*) have been standardized
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Table 10

Binomial logistic regression results using variables indexing anxiety to differentiate

between bipolar and unipolar depression

Full model:
Pseudo R?=0.1166, p=0.0491

95% Confidence
Speech Odds Standard
z p-value Interval
variables* Ratio Error

LL UL
Worry 1.953 0.629 2.08 0.038 1.039 3.670
Anxiousness 0.569 0.205 -1.57 0.117 0.281 1.152
Age 0.985 0.020 -0.74 0.461 0.946 1.025
Sex 0.424 0.259 -1.40 0.160 0.128 1.403

Note. All speech variables (*) have been standardized
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Table 11

Linear regression results showing selected speech features predicting depression severity

in BD and MDD groups
Prediction in BD Prediction in MDD
Speech variables*
S 95% CI S 95% CI
-2.250, -3.452,
Coherence 0.122 -0.618
2.495 2.216
-0.2717, -2.078,
Anger 2.129 0.247
4.535 2.574
Sadness 3.786 1.791, 5.781 2.973 1.013,4.932
Negative sentiment 3.424 0.917,5.931 3.026 0918, 5.134
-0.318, -1.955,
Self-criticism 1.773 0.324
3.864 2.903
Full model R’ p-value R’ p-value
0.393 0.0064 0.272 0.0613

Note. All speech variables (*) have been standardized
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Table 12

Power analysis for primary logistic regression

Power N
0.60 46
0.65 51
0.70 57
0.75 63
0.80 70
0.85 79
0.90 91
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Chapter 6: Discussion

This thesis represents a novel investigation into the utility of natural speech analysis for
the assessment of psychopathology. We systematically reviewed the literature to obtain a
comprehensive understanding of the state of the field from the perspectives of various
disciplines. This knowledge provided a foundation upon which to base the development
of our original study. We identified areas of opportunity for innovation through variable
development and novel testing methods. We created a protocol aimed at optimizing
naturalistic speech and assessing variables developed to index key symptoms of
psychiatric disorders. We then applied these methods to an important psychiatric
classification problem: differentiating bipolar from unipolar depression. Results support
the validity and utility of our methods and provide direction for future investigation.

The breadth of the systematic review facilitated a high-level synthesis of results across
fields and over time. It was beyond our scope to include in-depth evaluations of all
aspects of speech analysis research; other studies have looked into comparing different
collection or analysis methods (Gideon et al., 2016; Low et al., 2020), and breaking down
the effects of possibly confounding factors (Cohen et al., 2016; Solomon et al., 2015;
Wang et al., 2019). As the field continues to expand, we thought it most important to
highlight predominant findings echoed throughout the literature, identify consistent gaps,
and make recommendations for future directions. Potential applications of speech
analysis were treated as the foundation for the synthesis of published data, in an effort to
bring the results closer to clinical implementation.

Results of published literature revealed the unique utility of speech analysis for assessing

psychopathology. Disorder classification using speech may be highly applicable as an aid
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in clinical settings if similar high accuracies can be demonstrated for diagnoses other than
depression and schizophrenia (Low et al., 2020). Limited results predicting illness
prognosis and treatment outcomes using speech analysis leave this application farther
behind in terms of practical applicability. Possibly the most promising function for
speech analysis is detecting the onset of psychotic disorders and depression (Bearden et
al., 2000; Bedi et al., 2015; Corcoran et al., 2018; Elvevag et al., 2010; Hanakawa, 2004a;
Ooi et al., 2013; Rezaii et al., 2019). Research suggests that speech patterns may reflect
underlying, pre-clinical pathophysiological indicators of illness that could be used to
identify individuals at risk (Bedi et al., 2015; Ooi et al., 2013). Other means of predicting
psychiatric illness onset rely on subjective measures of symptoms (Purper-Ouakil et al.,
2002; Schweizer et al., 2021), cognition (Schweizer et al., 2020), or family history
(Correll et al., 2007; Paruk et al., 2017), which may be subject to biases in participant
recall, differences in educational and socio-economic statuses, and the
knowledge/presence of illness history, respectively. Speech analysis could play a unique
and important role in early detection and subsequently better management of psychiatric
illnesses. More research is needed to expand the scope of these findings across diagnoses.
Heterogeneity of sample demographics and methodology throughout the field have
limited the generalizability and applicability of speech analysis in clinical settings;
divided research efforts from different fields have produced findings that are not easily
compared. Commentary regarding the utility and limitations of speech analysis have been
echoed in previous reviews (Low et al., 2020; Pennebaker et al., 2003; Robin et al.,
2020). We focused the development of our study methods on addressing the gaps we

identified in the literature to bring speech analysis closer to clinical application. We
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considered three main areas of design: speech collection methods, speech feature
variables, and analysis.

Most published research has focused on either content or acoustic analysis of speech
(Cohen & Elvevag, 2014; Tasnim & Stroulia, 2019). Generally, manual (human-coded)
feature analysis methods have been used with content features (Carrillo et al., 2018;
Himmelstein et al., 2018; Huston et al., 2019; Miller, 1996; Minor et al., 2015), whereas
automated machine learning analysis methods have been applied almost exclusively to
acoustic variables (Low et al., 2020; McGinnis et al., 2019; Ozdas et al., 2004; Pan et al.,
2018). The potential for models incorporating both types of features, analyzed using both
automated and manual methods, has yet to be determined. For this reason, we aimed to
develop a speech collection protocol that would provide us with unadulterated, natural
speech with emotional valance, suitable for various types of analysis.

In the study of mental disorders, speech features have been categorized based on their
relative utility for assessing diagnoses; acoustic and content speech features have been
positioned as uniquely indexing certain illness symptoms. Acoustic features may be more
valid across demographic groups (Alghowinem et al., 2016), but lack the ability to
provide insight into how individuals process experiences. Content variables provide that
insight, but different sources define and measure these features in different ways, making
it difficult to fully understand their capacity to assess psychopathology (Pennebaker et al.,
2003). Human-coded variables included in our study were developed to assess content
and semantic speech features. Variables indexed features of psychopathology commonly
assessed in clinical environments as behaviors reflected in speech of affected individuals.

We used tests of interrater reliability to measure the reliability of our coding methods
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among multiple raters. We found no records of previous studies testing the reliability of
content speech variables. As levels of agreement between psychiatrists have been shown
to be inconsistent (Matuszak & Piasecki, 2012; Rozenzweig et al., 1961), the potential for
speech analysis to provide objectivity to assessment may hinge on ensuring high levels of
reliability for human-coded variables to demonstrate their validity.

We attempted to mitigate bias in the collection and rating of speech and related data, but
it is important to discuss potential sources where it may have been introduced.
Participants were assessed for presence and severity of psychopathology by trained

research staff members. Evidence suggests the accuracy of assessments can be affected

of the diagnosis confirmation, diagnostic assessments were verified by a psychiatrist or
psychologist. Speech samples coding introduced further variability into our analyses, as
demonstrated by low interrater reliability for some variables (Chapter 3). Different
backgrounds of raters contributed to different understandings of the psychiatric constructs
embedded in our rating system. We attempted to mitigate rater drift by meeting
consistently with our research team members to address coding discrepancies and engage
in dialogue about the operationalizations of our novel variables. It is important to
consider that manually rated datasets will be inherently biased based on many factors
including expertise and attitudes of the rater(s). Blinding raters to participant information
can help, and incorporating the role of independent raters who are unfamiliar with the
research question and the population characterizes a more ideal scenario for manual

coding.
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In studying biomarkers, we are attempting to gain further objectivity, basing our
conclusions on the “gold standard” of psychiatric diagnosing. Evidence suggests that the
2012). In our study, diagnostic certainty was approached by employing structured clinical
interviews to assess psychopathology, and diagnostic consensus obtained by trained
clinicians. For the purpose of increasing the validity of biomarker findings, current
recommendations suggest the integration of transcultural psychiatry practices, more
extensive blinding or raters and clinicians to participants’ race, gender, and other
demographic factors, and a better understanding of the utility of a given dataset for a
Speech analysis methods have yet to be employed for the differentiation of unipolar and
bipolar depression. This classification problem does not yet have a standard clinical
solution; accurate diagnosis often relies on a variety of contributing factors (Benazzi &
Akiskal, 2008; Bowden, 2001; Cuellar et al., 2005; Gruber et al., 2007; Hirschfeld,
2014). Machine learning classifiers have demonstrated the ability to differentiate BD
from MDD with moderate-high accuracy using acoustic features (Huang et al., 2020; Su
et al., 2020). These studies make use of an open source dataset, but do not include ratings
of psychopathology or details of participant assessment in their methods or analysis,
likely due to the studies’ origins in computer science. Results demonstrate acoustic
features’ ability to aid in diagnostic differentiation, but are hard to interpret in terms of
the psychiatric utility of characterizing BD and MDD.

Acoustic features have been shown to be effective in characterizing symptoms of mood

disorders, such as psychomotor retardation (Wang et al., 2019) and arousal (J. Zhang et
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al., 2018). Their ability to differentiate individuals with unipolar and bipolar depression
has yet to be demonstrated. We chose to analyze speech variables representing content
and semantic features as they can characterize clinical symptoms used to differentiate
unipolar and bipolar depression, as described in Chapter 5. This type of variable selection
has not been recorded in the past, however these variables may provide more effective
disorder classification within depression than acoustic features, which demonstrate a
more transdiagnostic symptom characterization. This has been demonstrated in studies
using acoustic features to index depression with both BD and MDD participants (Arevian
et al., 2020; Cohen et al., 2012).

Results of our analysis in Chapter 5 did not support our hypothesis. Follow-up analyses
exploring the ability of speech features to predict depression severity showed some group
differences. Sadness in speech was more strongly associated with depression severity in
BD than in MDD. Literature suggests that negative emotions such as sadness may be
more characteristic of unipolar depression (Table 1, Chapter 5); however, we identified
no studies that attempted to assess depression severity between affective diagnoses using
negative emotions (A4ssessing Depression Severity, Chapter 1). Selected speech features
in a combined model accounted for more variance in BD (39%) than MDD (27%). The
BD model was marginally significant after corrections, possibly indicating differences in
speech behavior patterns between unipolar and bipolar depression. There may be
potential for content speech variables to differentiate between unipolar and bipolar
depression; however, we were underpowered to detect significant differences in our
primary model, and likely also in follow-up testing. Understanding our results as

preliminary, moderate classification accuracy indicates the potential of these features to
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provide relevant diagnostic information for clinicians. More research on this topic is
needed to expand the understanding of differential speech behaviors.

Moving forward, we aim to continue validating our methods and exploring further
applications for speech analysis in psychiatry. Firstly, continued recruitment will improve
the power of future results from this dataset. Next, we will begin to test the validity of
speech variables by correlating them against clinical measures of psychiatric symptom
severity. This will allow us to better understand and further operationalize the
manifestation of illness in speech, and support the validity of our speech analysis
methods for clinical application. For bipolar and unipolar depression differentiation, we
would like to test acoustic analysis of participants; speech samples to compare acoustic
classification ability against that of content variables. We will also explore the potential
of acoustic analysis to add value to classification in a combined feature model with
content features. We are beginning to explore the potential for automated analysis of
content variables using machine learning methods, with the objective of creating an
automated tool for clinical assistance in assessment. Given the demonstrated potential of
speech analysis to assess various types of psychopathology, we hope our preliminary
results can inspire future research efforts to explore the utility of speech analysis in BD

and other, less-studied disorders.
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Appendix A

Section A: Systematic Search Methods

Table 3

Inclusion and exclusion criteria

Inclusion criteria

Exclusion criteria

Sample of participants with a psychiatric

disorder

Focused on speech as it related to one or

more psychiatric disorders

Incorporated speech collection and/or
analysis, or analysis of transcriptions of

speech samples

Original-data, peer-reviewed articles

Search strategy:

Only control or population sample (no
psychiatric diagnoses), substance abuse,
participants with neurological illness,
brain injury or trauma, intellectual

disability or dementia

Looked at speech as an indicator of mood
in a non-psychiatric population, speech

used to assess language disorders

Used only text-based analysis —
participants’ writing, clinician’s notes,
suicide notes, hospital charts, discharge

reports

Reviews, case studies, narrative analyses

The search was conducted by amalgamating the search strategies for four key concepts

and with the boolean operator “AND” on PubMed and PsycInfo.

Concept 1: Diagnosis and prediction
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(TT ( diagnos™* OR detect* OR predict* OR prognos* OR assess* OR Sensitiv* ) OR AB
( diagnos* OR detect* OR predict® OR prognos* OR assess* OR Sensitiv* ) ) OR (
(((DE "Clinical Judgment (Not Diagnosis)") OR (DE "Prognosis")) OR (DE "Diagnosis")
OR (DE "Psychodiagnosis")) OR (DE "Psychological Assessment" OR DE "Behavioral
Assessment" OR DE "Cognitive Assessment" OR DE "Emotional Assessment" OR DE
"Motivation Measures" OR DE "Neuropsychological Assessment" OR DE "Q-Sort" OR
DE "Stress and Coping Measures") )

Concept 2: Mood disorders

( ((((DE "Mental Health" OR DE "Community Mental Health") OR (DE "Affective
Disorders" OR DE "Bipolar Disorder" OR DE "Disruptive Mood Dysregulation
Disorder" OR DE "Major Depression” OR DE "Mania" OR DE "Seasonal Affective
Disorder")) OR (DE "Schizophrenia" OR DE "Acute Schizophrenia" OR DE "Catatonic
Schizophrenia" OR DE "Childhood Schizophrenia" OR DE "Paranoid Schizophrenia"
OR DE "Process Schizophrenia" OR DE "Schizophrenia (Disorganized Type)" OR DE
"Schizophreniform Disorder" OR DE "Undifferentiated Schizophrenia")) AND (DE
"Suicide" OR DE "Attempted Suicide")) OR (DE "Mental Disorders" OR DE
"Adjustment Disorders" OR DE "Affective Disorders" OR DE "Anxiety Disorders" OR
DE "Chronic Mental Illness" OR DE "Dissociative Disorders" OR DE "Eating Disorders"
OR DE "Factitious Disorders" OR DE "Gender Identity Disorder" OR DE "Neurosis" OR
DE "Personality Disorders" OR DE "Psychosis" OR DE "Schizoaffective Disorder") )
OR ( TI ( depress* OR bipolar* OR mania* OR manic* OR schizophren* OR psychos*
OR psychotic* OR "mood disorder*" OR "psychiatric illness*" ) OR AB ( depress* OR

bipolar* OR mania* OR manic* OR schizophren®™ OR psychos* OR psychotic* OR
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"mood disorder*" OR "psychiatric illness*" OR obsessive compulsive disorder* OR
C‘OCD” ) )

Concept 3: Speech

( (DE "Verbal Communication" OR DE "Articulation (Speech)" OR DE "Conversation"
OR DE "Language Proficiency" OR DE "Oral Communication" OR DE "Pragmatics")
OR (DE "Verbal Meaning" OR DE "Word Meaning")) OR (DE "Language" OR DE
"Figurative Language" OR DE "Form Classes (Language)" OR DE "Native Language"
OR DE "Natural Language" OR DE "Phrases" OR DE "Rhetoric" OR DE "Sentences"
OR DE "Spelling" OR DE "Vocabulary™") ) OR ( TI ( speech* OR "natural language" OR
"language processing” OR "language deficit*" OR sentiment® OR "linguistic analys*"
OR "voice data" ) OR AB ( speech* OR "natural language" OR "language processing"
OR "language deficit*" OR sentiment® OR "linguistic analys*" OR "voice data" ))

Concept 4: Automation

DE "Computer Assisted Diagnosis" OR TI ( comput® OR "machine learning" OR
automat™ OR software OR "graph analysis" OR "artificial intelligence" ) OR AB (
comput® OR "machine learning" OR automat™® OR software OR "graph analysis" OR
"artificial intelligence" )

Data Extraction:

Search results from both databases were uploaded into Covidence, an online screening
application. The first author screened all articles for eligibility with title and abstract, and
the first and second author screened each subsequently included full-text for any
exclusion criteria. The search yielded 2,776 unique publications. After title and abstract

screening, 215 underwent full text review and 123 met eligibility criteria. After
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screening, the following variables were extracted from each article: title, author(s), year
of publication, journal, disorder (depression, schizophrenia/psychosis, bipolar disorder,
anxiety, mixed diagnosis), outcome, speech feature, number of participants (patient and
control, male and female), analysis methods, disorder feature (e.g. speech
disorganization, self-focused attention, affect, loosening associations), language spoken
by participants, and whether or not analysis included machine learning classification.
Outcomes were divided into six categories depending on the focus of study: Classifying
diagnoses, assessing severity, predicting illness onset, predicting treatment outcome,
prognosis, and other (e.g. assessing cognition). Speech features were originally divided
into four categories (acoustics and prosody were later collapsed into one category):
Acoustics, prosody, semantics, and content. Analysis methods were extracted for two

different stages: speech sampling methods and speech analysis methods.
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Identification ]

[

)

Eligibility Screening

Included

Consort diagram showing flow of searching, screening, and extraction of studies

Records identified through
database searching
(n=2798)

Additional records identified
through other sources
(n=47)

Records after duplicates removed

(n=1437)

l

Records screened

A 4

(n=1392)

\

Full—tex* articles
assessed for eligibility
(n=235)

Studies extracted and
included in qualitative
synthesis
(n=128)

Section B: Reference list of systematic search results

Records excluded
(n=1159)

Full-text articles

excluded (n =107)

Incorrect study design (n=25)
Incorrect participant population
(n=24)

Incorrect indication
(n=12)

No speech analysis (n=39)
Duplicate (n=7)
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Appendix B

Section A: Study Setting

Families Overcoming Risks and Building Opportunities for Well-being (FORBOW) is a
longitudinal study enriched for parents with mental illness and their offspring. The
Canadian Biomarker Integration Network in Depression (CANBIND) is a national group
conducting research in biomarkers for depression. The Canadian Depression Research
and Intervention Network (CDRIN) is a group focused on lived-experience informed
research and knowledge translation. The Vocal Mind Project (VMP) is speech analysis
study exploring the connections between psychopathology and speech features in clinical
and community populations.

Speech sampling happens on a repeated basis. Time periods between samples vary
depending on study of origin:

FORBOW - 1x/year

CANBIND - 3x/first 16 weeks, 2x/1 year follow-up

CDRIN - 1x

VMP — 2x/16 weeks
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Section B: Speech Sample Standard Operating Procedures

Materials:

Recorder:

TASCAM Linear PCM Recorder DR-05

Accessories:

Tripod — Polaroid 8” Heavy Duty Mini Tripod or AmazonBasics Lightweight

Mini Tripod
e USB connector chord - included with recorder
e MicroSD chip - included with the recorder
e Batteries —2 AA’s, included with recorder (keep extras on hand)
Clipboard.:

A clipboard will be used for the prompting sheet and for the experimenter to take notes
while the participant is talking. The experimenter will refrain from writing on the table to

minimize acoustic interruption to the recording.

Stopwatch:
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A stopwatch (or timekeeping device such as a smartphone or digital watch) will be used
during the recording to time the participants’ talking. If using a smartphone, the
experimenter must have all sending and receiving functions turned off (airplane mode)
during sample collection to avoid interruption.

Recorder:

The settings for the recorder will change slightly depending on the acoustic conditions of
the room where the sample is being collected. The experimenter should give enough time
to calibrate the recorder settings before the participant arrives. The recommendations
below are meant to serve as a guide to lessen variability of audio quality across study
sites. Recorders provided by the Dalhousie (Halifax) site will already be calibrated in
accordance with the instructions below. Any additional information about recorder
settings that is not mentioned below can be found in the recorder manual:
https://tascam.com/content/downloads/products/558/e_dr-05 rm_va.pdf
Recorder functioning:
The automatic sample label name and recording time are displayed on the main screen.
Pressing the RECORD button once will put the recorder on recording standby, showing
the input levels for the microphones and the REC light at the top of the screen will flash
red. The input levels can be calibrated when the recorder is in standby mode. The
recording has not begun until the record button is pressed a second time — the time will
start running and the REC light will stay lit.
The input bars for the left and right microphones move in accordance to the loudness of
the signal input to the microphones. The input level can be controlled by using the fast

forward and rewind buttons on the recorder. The input volume will need to be
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recalibrated when any conditions of the recording change — the setting (room, non-human
noise in the room), the distance of the recorder from the participant, etc. When properly
calibrated, the input levels should fluctuate around the middle or upper middle of their
range while someone is talking. If the bars reach their maximum, the PEAK light at the
top of the screen will light up. Input levels should be maintained under the PEAK
maximum level throughout the recording.

Recorder settings:

The home screen can be reached by using the HOME/ POWER button. From here, the
recorder settings can be reached by using the MENU button. From the menu, calibrate
settings in REC SETTINGS. The file format (FORMAT) should be set as WAV 24bit. The
SAMPLE should be set to 48k. TYPE should be left at the default setting of STEREO. SIZE
can be left at the default setting of 2G. The MIC POWER should be OFF. The LOW CUT
must be OFF. PRE REC and AUTO TONE should also be set to OFF. TONE SECS can be
left at the default setting of /sec. Under AUTO REC, MODE should be set to OFF, and
LEVEL can be left at its default of -/2dB.

The recorder’s speaker can be used to listen to samples after they have been recorded. To
assess quality of recordings, it is best to listen to the samples after they have been
transferred off the recorders, through headphones connected to the computer. The
recorder’s speaker should only be used to check basic things (did the sample actually
record, is the volume too quiet/loud, etc.). The speaker can be turned on by accessing the
SPEAKER option from the MENU dropdown. Turn the SPEAKER to ON.

The MENU dropdown also has an OTHERS tab. In OTHERS, under MONITOR MIX, the

INPUT should be OFF. The PB INPUT level will not matter when the INPUT is OFF.
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Under the EFFECT tab, EFFECT should be OFF, which will render the other options
unimportant. Also under OTHERS the format of the file labels can be changed. As well,
OTHERS is where the DATE/TIME option will be found.

It is very important to set the correct date and time, as they are saved with the file when
the file is transferred to the computer.

The recommendations above are important to control as much audio and acoustic
variation as possible across sites. If for any reason the settings above do not work under
the site testing circumstances, experimenters should either refer to the recorder manual or

contact one of the Dalhousie site speech project coordinators.

Method:

Overview:

One speech sample will be collected for each participant at three time points (Baseline
(Week 0), Week 8 and Week 16). Each sample contains three different sections, and each
section is prompted differently to elicit different emotions from the participant. The first
is a neutral sample, in which the participant gives some background about themselves and
how they spend their time. The second sample is about a positive experience, and the

third sample is about a negative experience (see exact prompts below).

Each recording will be between 10 and 15 minutes long (prompts and between 3-4
minutes of participant speech per prompt). Each recording will include the audio of the
introduction to the procedure, the experimenter’s prompts, and all three answers from the

participant.

Recorder:
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The recorder will be positioned on a tripod stand with the microphones facing the
participant, and the recorder display facing the experimenter. The recorder should be

placed ~2 feet away from the participant.

Procedure:

The procedure begins before the participant comes into the room. The experimenter will
calibrate the recorder (see “Recorder functioning” above), and then record 20 seconds of
silence before the participant enters the room, under the same circumstances that the
sample will be taken (same recorder settings, with any extraneous noise in the room).
This sample should be part of the larger recording, and will be used to identify and filter

out non-human noise in the background at the time of analysis.

The procedure should be completed in a quiet room with only the experimenter and the
participant present. After the experimenter greets the participant, they may begin the
recording and read the introduction. Any questions the participant has will be answered
by the experimenter after the introduction, before the first prompt is given. The
experimenter will give the first prompt only after ensuring the participant’s understanding
of the instructions. The experimenter should use a stopwatch (smartphone, digital watch,
etc.) to time how long the participant has been speaking. The experimenter will start the
stopwatch when the participant begins talking after the neutral prompt, and again for each

of the subsequent answers.

The experimenter should not rely on the recorder for timekeeping purposes. Looking at
the recorder may draw the participant’s attention away from speaking, or may make them

focus on the time remaining rather than on what they are saying.
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The answer to each prompt will be a minimum of 3 minutes long and a maximum of 4
minutes long. If the participant stops talking before 3 minutes have passed, the
experimenter will allow 15 seconds of silence before prompting for more speech with one
of the appropriate prompts. If the participant stops talking after 3 minutes have elapsed,
the experimenter may move on to the next prompt or cut the recording in the case of the
last prompt. If the participant continues talking, the experimenter should find the next
natural moment (ideally before 4 minutes have passed) to interject and close the sample

b 1Y

(i.e. “you’re all done”, “ok great, thanks”).

The participant must feel as though they are being listened to, so as to maintain the
naturalistic traits of the speech. The recorder and recording should not be emphasized, as
an uninterrupted sample is ideal for analysis. While the recording is being done, the
experimenter should make minimal eye contact and provide minimal non-verbal
conversation cues (i.e. smiling, nodding, etc.) to the participant, so as not to distract them
or give them the impression that a back and forth discourse may take place. The
experimenter may take notes on a clipboard (not on the table- minimizing excess

recording noise) during the sample.

Prompting:

The prompts will be read to the participant as they are stated below.

Begin with an introduction:

“We are looking at speech as part of today’s visit. To do that, I'm going to have you talk
about yourself. I would like to get a sense of who you are, in your own words, so I will

give you a prompt and then let you speak for 3 minutes. We will do this three times, with
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three different prompts, and I would prefer not to answer any questions until you re done.

Do you have any questions before we start?”

At this point, any questions the participant has can be answered by the experimenter. The
less information you can give to satisfy the question, the better. If the participant is aware
of the specificities of the analyses that will be carried out, they are more likely to alter
their speaking behaviour to fulfill a perceived profile. For example, the participant may
ask something like “What about speech are you looking at?”” The experimenter should
respond by saying “We are looking at what people say and the way they say it. Just speak

as you would if you were telling a story to a friend/ just speak naturally.”

Neutral sample:

“First, I would like to hear about how your last couple of weeks have been, and how
you 've been spending your time. Tell me how you’ve been feeling and what youve been

up to lately.”

During each sample, if the participant stops talking before three minutes have elapsed,
the person gathering the sample must wait 15 seconds before using one of the two

prompts below:

“Please tell me more”

“Keep going”

If these prompts are not sufficient to elicit more speech from a participant (e.g. they say
“that’s it”, or “I don’t have anything else to say”), the experimenter can use the prompt

below:
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)

“Tell me anything about yourself or what youve been up to.’

Positive sample:

“Next, I want you to think about a time in the past few weeks when things went well for
you. Think about when you had a positive experience or when something good may have
happened to you. Take your time to think about it, and you can go ahead whenever you re

ready.”

If the participant stops talking, use one of the two prompts below after waiting 15

seconds:

“Please tell me more”

“Keep going”

If the above prompts do not work in eliciting more speech, or the participant asks what to

talk about, use the following prompt:

“You can talk about a time when you were happy or when something good happened.”

“You can talk about a time when things worked out or went your way”

In the case that a participant responds to the prompt by expressing that they haven’t had a

good experience in the last couple of weeks, the experimenter may use the prompt below:

“What about a time in the last couple of weeks when you were closest to feeling okay?”

Negative sample:

“Lastly, I now want you to think about a time in the past few weeks when things didn’t go

well for you. Think about when you had a negative experience or when something bad

157



may have happened to you. Take your time to think about it, and you can go ahead

whenever you're ready.”

If the participant stops talking, use one of the two prompts below after waiting 15

seconds:

“Please tell me more”

“Keep going”

If the above prompts do not work in eliciting more speech, or the participant asks what to

talk about, use the following prompt:

“You can talk about a time when you were sad, angry, or when something bad

happened.”

“You can talk about a time when things didn’t work out or didn’t go as planned”

In any of the samples, if the participant asks how much time is left in the recording,

use one of the prompts below:

“Just a couple more minutes”

“About a minute left”

The experimenter should refrain from using prompts or talking within the recording
unless entirely necessary as outlined in the instructions above. However, it is important
that the experimenter acknowledge what the participant said in the previous recording.
Between each prompt, the experimenter can thank the participant for sharing their

account, using the appropriate comment from the list below:
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’

“That’s great, thank you.’

“Thank you for sharing that. That sounds like it was a great

’

time/experience/vacation/etc. ...’

“Thank you for sharing that. I know it’s hard to talk about those things, so thank you for

opening up.”

Important Notes:

1. When prompting for more speech during a sample, it is important to avoid wording the
prompts as yes or no questions. For instance, “Can you tell me more?” or “Can you tell
me anything else about that?” allows a participant to say “no” and finish the sample

before the three minute minimum time has been reached.

2. Additional prompts can be modified conservatively as seen fit by the experimenter.
The ideal sample will follow the procedure insofar that the naturalistic aspect of the
speech is preserved. Modest accommodations that must be made to the script to achieve

this aim are permissible.

3. Participants will always underestimate the time remaining, and overestimate their
ability to fill it. For this reason, it is preferred to use the time prompts specifically to
correct for this. For example, if a participant asks how much time is left, and the time

remaining is 30 seconds, the experimenter can use the prompt “About a minute left”.

4. The samples should always be elicited in the order they are listed above: neutral,

positive, negative.
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5. The experimenter should not cut the recording off in the middle of a sentence. Full and

complete utterances are better for analysis.

6. It is a good idea to have tissues accessible for participants who may get emotional

while providing their sample.

7. After the negative sample is collected, it is important for the experimenter to check in
with the participant to assess how they are feeling after the recording has finished. The
well-being of the participant must be evaluated before finishing the appointment. If they
are upset after having given their negative sample, the experimenter should attempt to

neutralize their mood before finishing the appointment.
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Section C: Prompting Script

Introduction

start?”

“We are looking at speech behaviour as part of today’s visit. To do that, I’m going to have you talk
about yourself. I would like to get a sense of who you are, in your own words. I will give you a prompt
and then let you speak for 3 minutes. We will do this three times, with three different prompts, and I
would prefer not to answer any questions until you’re done. Do you have any questions before we

Initial prompt

“First, I would like to hear about
how your last couple of weeks
have been, and how you’ve been
spending your time. Tell me how
you’ve been feeling and what
you’ve been up to lately.”

“Next, I want you to think about
a time in the past few weeks
when things went well for you.
Think about when you had a
positive experience or when
something good may have
happened to you. Take your time
to think about it, and you can go
ahead whenever you’re ready.”

“Lastly, I now want you to think
about a time in the past few
weeks when things didn’t go well
for you. Think about when you
had a negative experience or
when something bad may have
happened to you. Take your time
to think about it, and you can go
ahead whenever you’re ready.”

First prompt

“Please tell me more”

“Keep going”

Second prompt

“Tell me anything about yourself
or what you’ve been up to.”

“You can talk about a time when
you were happy or when
something good happened.”

“You can talk about a time when
things worked out or went your

29

way

“You can talk about a time when
you were upset, or when
something bad happened.”

“You can talk about a time when
things didn’t work out or didn’t
go as planned”

Time prompt

“Just a couple more minutes”

“About a minute left”

Special prompts

“What about a time in the last
couple of weeks when you were
closest to feeling okay?”’
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Section D: Processing and Segmenting

Each segmented transcription contains coded variables for “speaker”, indicating who,
participant or experimenter, is speaking during the segment. Segments of experimenter
speech (introduction and prompts), or segments in which the participant and experimenter
both speak, are given a sentiment coding of “9”. The sentiment value of “9” indicates to
raters that these segments should not be coded, and they are omitted from further
analysis. Only segments where the participant is speaking are coded and analyzed.

Each sample also contains “identifying” and “notes” variables. All segments that contain
identifying information (names of people, places) are flagged using the “identifying
variable”, so that identifying content can be removed from the recordings. The “notes”
variable includes rater comments regarding sound artifacts in the audio files that are not
speech, including but not limited to: environmental noises, laughter, crying, sighing and

sniffing.
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Section E: Speech Variables

Sentiment:

The sentiment variable was created to identify the polarity of each segment in a
participant speech sample. Sentiment has 3 levels: negative, neutral and positive.
Sentiment ratings are based on transcribed text meaning. Measuring levels of negative
sentiment can help assess depression (Breznitz, 1992; Himmelstein et al., 2018). Ratings
of sentiment can be combined with emotion ratings to assess overall feeling per segment.
Richness:

Richness refers to the lexical and semantic complexity of speech. Each segment is rated
as being impoverished, expected, or rich in terms of speech complexity. Impoverished
speech lacks content or concreteness, and the segments may lack new information or
contain reiterations or repetitions of previously uttered speech. Expected speech is
characterized by phrasing that is considered conventional given the subject matter and
level of arousal. Rich speech is novel or surprising, and may use humour or non-literal
language such as idioms, metaphors, or sarcasm. Speech richness has been implicated as
a part of depressed and psychotic illness (Cohen et al., 2014; Corcoran & Cecchi, 2020),
as well as attention deficit (Gallardo-Pauls et al., 2012) (Machado-Nascimento et al.,
2016).

Reference:

Each speech segment is coded according to who the speaker is referencing. There are 4
categories of reference: “0” - the speaker does not mention a relationship to any living
being in the segment; “1” - the speaker references themselves within the segment; “2” -

the speaker mentions themselves in relation with one or more people (or living beings);
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“3” - the speaker exclusively speaks about one or more people other than themselves in
the segment. Research has shown that more frequent self-reference in speech can be
indicative of depression or schizophrenia (Himmelstein et al., 2018; Hong et al., 2015;
Zimmermann et al., 2017).

Emotions — Anger, Fear, Sadness, Joy, Neutral:

The emotions were rated using Parrot’s Emotion Classification (2001). Emotions were
identified by raters using a combination of transcript content (reading) and acoustic tone
(listening). Each segment was rated with only one emotion: anger, fear, sadness or joy.
Those segments that did not contain any emotion were rated as neutral. Emotions that fell
under Parrot’s definitions of anger, fear, sadness and joy were coded as such. Speech
emotion has been linked to severity and illness improvement in depression and

schizophrenia (Harati et al., 2018; Minor et al., 2015; Novack, 2003).
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Primary emotion

Secondary emaotion

Tertiary emofions

Laowve

Adoratien, alfection, love, fondness, liking, attraction, caring,

Affection : ; f

tendemess, Cormpassinn, wnhrn-unl:lht].
Lust Arousal, desine, lust, passion, infatuation
Longing Longing

Cheerfulnes

Armesement, bliss, cheerfulness, gakery, glee, jolliness, joviality,
poy, celight, enjovment, gladness, happiness, jubilation, elation,
snfistaction, ecsinsy, euphonn

Ll Enthusiasm, zeal, zest, exciternent, thrll, exhilaration
Joy Conteniment Contentment, pleasure
Pride Pride, triumph
Chpirmism Eagerness, hope, optimism
Enthrallrmeni Enthrallment, mpture
Relief Relief
| Surprise Surprise Amazement. surprise, astonishment
e Aggnl?:mnn. |r.ri!:|!|1:-n. :L].[ir.:lti-:m._ annovince, Hr\-:nn:hlnl.'xx.
EMImpness
Exasperation Exasperation, frusiration
R Anger, rage, outrage, fury, wrath, loatility, ferocity, bitbemess,
Anger Bg= hate, loathing, scom, spate, vengelulness, dislike, resemment
[Miagust [asgust, revulsion, contempt
Envy Envy, jealousy
Taorment Tarment
Suffering Agony, auffering, hurt, anguish
Radinii Depression, despair, hopelessness, gloom, glumness, sadness,
— unhappiness, grief. sorrow, woe, misery, melancholy
[Msappomtment [hsmay, disappointment, displessure
Sadness =E
Shame Ginilt, shame, regret, remorse
Meilect Alienation, izolation, neglect, loneliness, rejection, homesickness,
E defeat, dejection, insecurty, embarrassment, humiliation, insul
Sympathy Piny, syrpathy
Reoimor Alarm, shock, fear, fright, horror, termor, panic. hvsieria,
= mortification
Fear
. r '] 3 . - 55, - : i T
Mt Anxicty, NeTviIsness, ENSeNess, Uneasiness, apprehension

wiorry, distress, dread

Parrott, W, (20013 Emahions in Sockal Pepehodogy. Paychology Press: Philodelohia.
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Coherence:

The measure of coherence quantifies a speaker’s ability to follow a logical narrative.
Breaks in coherence are characterized by speech content that deviates from the topic or
train of thought; these statements may be unexpected based on the previous dialogue, and
the listener may have difficulty following the speaker’s narrative. Coherence is a feature
that is used frequently to quantify disorganization and formal thought disorder in
schizophrenia (Ayer et al., 2016; Elvevag et al., 2007; Pauselli et al., 2018), and
coherence measures have the ability to differentiate individuals with schizophrenia from
controls (Elvevag et al., 2007, 2010; Willits et al., 2018). Additionally, coherence breaks
may shed light on attention deficit and distractibility, clinical features present in many
disorders (Engelhardt et al., 2010; Mota et al., 2012; Raucher-Chéné et al., 2017).
Worry:

Worry manifests in the content of speech. Worry is coded in segments where “What if?”
statements are present, or where the speaker repeatedly returns to a future-oriented
narrative with the anticipation of a negative outcome. Higher levels of worry can be a
predictor of negative mental health outcomes (Drost et al., 2014; Spinhoven et al., 2018;
Struijs et al., 2018).

Anxiousness:

Unlike worry, presence of anxiousness is determined by acoustic features, or speech
sounds, such as rate of speech, stop/restarts (stuttering), inappropriate laughter, or
unusually high pitch. Limited literature on the manifestation of anxiety in speech points
to more hesitation, more variable speech rate, and more breathy sounds (Kotsopoulos &

Mellor, 1986; Toazza et al., 2016).

166



Criticism:

The rating of criticism was derived from the original FMSS protocol. Criticism was
designed to detect negative attitudes of caregivers towards their relatives (Magaiia et al.,
1986). More recent research shows that higher levels of outward-directed criticism are
linked to depression (Breznitz, 1992). Here, criticism is coded for any segment that
includes critical statements about anything or anyone other than oneself.

Self-criticism:

The self-criticism variable is coded on all segments that contain statements containing
self-critical or self-deprecating comments. Self-criticism has been implicated as a
predictor of illness outcomes for various disorders, with higher levels of self-criticism
linked to worse outcomes (Low et al., 2020).

Affect (global):

The affect variable is rated based on acoustic indicators. Affect is a measure of prosodic
modulation in speech, and includes pitch variability, volume and rate of speech. There are
4 levels of affect: “4” — normal variability in the range of expression in voice; “3” — the
range of vocal expression and modulation is restricted, ex. range of intonation may be
more restricted; “2” — the range of vocal expression and modulation is blunted, ex. range
of intonation is minimal; “1”” — vocal expression is flat, intonation is absent, speech is
monotonous. Psychological affective states are routinely assessed as part of clinical
practice. Affect is rated globally (per-sample) as a quantification for clinical impression
of affect, which is generally made up of many factors present throughout a clinical
interaction. Restricted, blunted, or flat affective states can be associated with both

depressive and psychotic illness (Cohen et al., 2012).

167



Richness and Coherence (global ratings):

Global richness and coherences variables were created for the purpose of obtaining an
overall impressionistic value of the sample as a whole, which may or may not correspond
with the frequency of ratings of their segment-level counterparts. The aim is to create a

qualification of what would be a clinician’s perception of a patients’ speech.
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