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Abstract

Background: Disorganization, presenting as impairment in thought, language and goal-directed
behavior, is a core multidimensional syndrome of psychotic disorders. This study examined
whether scalable computational measures of spoken language, and smartphone usage pattern,
could serve as digital biomarkers of clinical disorganization symptoms.

Methods: We examined in a longitudinal cohort of adults with a psychotic disorder, the
associations between clinical measures of disorganization and computational measures of 1)
spoken language derived from monthly, semi-structured, recorded clinical interviews; and 2)
smartphone usage pattern derived via passive sensing technologies over the month prior to the
interview. The language features included speech quantity, rate, fluency, and semantic regularity.
The smartphone features included data missingness and phone usage during sleep time. The
clinical measures consisted of the Positive and Negative Symptom Scale (PANSS) conceptual
disorganization, difficulty in abstract thinking, and poor attention, items. Mixed linear regression
analyses were used to estimate both fixed and random effects.

Results: Greater severity of clinical symptoms of conceptual disorganization was associated with
greater verbosity and more disfluent speech. Greater severity of conceptual disorganization was
also associated with greater missingness of smartphone data, and greater smartphone usage during
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sleep time. While the observed associations were significant across the group, there was also
significant variation between individuals.

Conclusions: The findings suggest that digital measures of speech disfluency may serve as
scalable markers of conceptual disorganization. The findings warrant further investigation into the
use of recorded interviews and passive sensing technologies to assist in the characterization and
tracking of psychotic illness.

Introduction

Disorganization, presenting as an impairment in thought, language and communication
(conceptual disorganization) and non-goal directed behavior (behavioral disorganization),

is one of the core syndromes of psychotic disorders, including schizophrenia and bipolar
disorder (Morgan et al., 2017; Yalincetin et al., 2017). Conceptual disorganization comprises
difficulties in the coherent sequencing of thoughts, which can manifest as increases in
typical features of spoken language such as verbosity, and atypical features such as
illogical, derailed or tangential speech, distractible speech, and peculiar use of words and
sentence constructions (Andreasen, 1986; Kuperberg, 2010; Liddle et al., 2002). Conceptual
disorganization may also be associated with impairments in other domains of cognitive

and executive functioning, including attention, memory, and abstract thinking, although

the precise nature of these complex associations is not well understood and remains an

area of active investigation (Bora et al., 2019; Brune and Bodenstein, 2005; Fusar-Poli
etal., 2012; Klingberg et al., 2006; Vignapiano et al., 2019; Wallwork et al., 2012).

In addition to disorganized speech (a positive symptom), psychotic illness may involve
impoverished speech (a negative symptom), presenting as a reduction in the rate and
quantity of words, sentences, and content of speech. In schizophrenia, it has been suggested
that the disorganization and impoverished dimensions of spoken language co-occur in early
stages of the disease, but disorganization diminishes while impoverishment persists with the
progression of the disease (Palaniyappan, 2021; Roche et al., 2016).

The multidimensional and dynamic nature of language disturbances has stressed the need
for objective markers, and was to a large extent the driving force behind the emergence of
computational language methods, for characterizing psychotic illness (Corcoran et al., 2020;
Girard et al., 2021). With respect to conceptual disorganization, most of the computational
work in spoken language has focused on the difficult problems of quantifying semantic
incoherence and irregularity, and syntactic complexity (Bearden et al., 2011; Bedi et al.,
2015; Corcoran et al., 2018; Elvevag et al., 2007; Murphy and Ongur, 2022; Silva et

al., 2022). However, disturbances in verbosity and verbal fluency, such as atypical use

of pauses, verbal and non-verbal fillers, and word repeats or stutters, have also proven

useful for characterizing psychotic illness (Cokal et al., 2019; de Boer et al., 2020; Tang

et al., 2021). While significant advances in natural language processing (NLP) methods
have facilitated the discovery of interesting observations on disrupted language in psychosis,
there remain significant challenges particularly with respect to quantifying spoken language.
Some contributing factors are that most NLP tools were developed based on written and not
spoken language. In addition, transcription of spoken language is often not done verbatim,
such that instances of disfluency may not be recorded or analyzed. Finally, many studies use
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brief speech production tasks (e.g., describing a picture or comic strip), which may limit the
generalizability of their findings to natural conversational speech.

Behaviors outside the domains of language and cognition are not traditionally considered in
the assessment of behavioral disorganization. Nevertheless, it is conceivable that a lack of
structure and routine in cyclic (daily or otherwise) activities may also reflect or contribute to
behavioral disorganization. In particular, abnormal sleep patterns, including increased sleep
latency and decreased sleep time and sleep efficiency, are an important characteristic of
psychatic disorders (Chan et al., 2017; Chouinard et al., 2004; Zanini et al., 2013). Sleep
disturbances are common in psychosis and have been associated with increased severity of
clinically-relevant symptoms and neurocognitive deficits (Cohrs, 2008; Davies et al., 2017;
Poe et al., 2017), although a specific association with conceptual disorganization has to our
knowledge not been reported. The importance of sleep abnormalities in psychotic (and other
mental) disorders, and short-comings of self-reported measures of sleep (Lauderdale et al.,
2008; Silva et al., 2007), have fueled an interest in using smartphones to passively monitor
sleep (Staples et al., 2017). Emerging work suggests that objective measures of sleep may
be inferred from sensor data collected passively via a smartphone application, including
accelerometry and screen on/off logs (Staples et al., 2017). While passive smartphone-based
measures can only provide indirect, coarse estimates of sleep, the high prevalence of
smartphone ownership, widespread usage of smartphones in multiple aspects of routine
functioning, and unobtrusive and objective nature of passive smartphone sensing, make this
technology promising for assessing sleep, particularly in longitudinal and large-scale studies.

The overall objective of the present study was to examine whether scalable computational
measures of spoken language and smartphone usage pattern could serve as digital
biomarkers of the latent construct of conceptual disorganization. To this end, we tested

in a longitudinal cohort of adults with a psychotic disorder, the associations between

clinical measures of disorganization and computational measures of 1) spoken language
derived from monthly, semi-structured, recorded clinical interviews; and 2) smartphone
usage pattern derived passively over the month prior to the interview. For spoken language,
in order to probe the various types of disturbances that have previously been associated
with disorganized and non-goal directed thought patterns (Corcoran et al., 2020; deBoer et
al., 2020; Kuperberg et al., 2010), we analyzed features that index the quantity, rate, and
fluency of speech, as well as features that index semantic coherence and regularity. The
measures of speech verbosity and fluency, in addition to being automatically and precisely
quantifiable from verbatim transcription, may be particularly informative for the assessment
of conversational speech in relatively long clinical interviews as analyzed here. For the
smartphone, we analyzed usage during the sleep period as a rough indicator of the quality of
sleep, because sleep disturbances have consistently been associated with multiple symptoms
of psychotic illness (Chouinard et al., 2004; Cohrs, 2008). We also analyzed phone data
missingness as an indicator of noncompliance with the study requirements (see Methods),
to examine the possibility of an association with psychatic illness symptoms. We used the
Positive and Negative Symptom Scale (PANSS(Kay et al., 1987)) conceptual disorganization
(P2) item (scored based on information obtained during the interviews) as the primary
clinical measure of disorganization, because this assessment is intended to capture disrupted
thought processes expressed in spoken language. In addition, prior factor analyses of the
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PANSS have suggested that P2 has the highest loading in a disorganization factor in multiple
independent studies (Wallwork et al., 2012). For thoroughness, the analyses were also
conducted with the PANSS N5 (abstract thinking) and G11 (poor attention) items. These
items, although relatively unspecific to the core features of disorganization in psychosis,
have also consistently been assigned to a disorganization factor in multiple independent
studies, albeit with lower loadings (Wallwork et al., 2012).

Study procedures

Study participants were adults who have been diagnosed with either a primary psychotic
disorder (i.e., schizophrenia, schizoaffective disorder, or psychotic disorder not otherwise
specified) or a psychotic condition secondary to an affective disorder (e.g., bipolar or

major depressive disorder with psychotic features). Participants learned about the study via
advertisement in clinical programs of the divisions for Psychotic Disorders and Depression
and Anxiety Disorders at McLean Hospital, and the Rally with Mass General Brigham
(MGB) platform. The study was designed to last one year in each participant, with optional
extension dependent on clinical status, and a few of the participants were active for

up to five years. Participation required installation of the Beiwe smartphone application
(Onnela and Rauch, 2016; Torous et al., 2016) for semi-continuous, passive collection

of phone usage, accelerometry, and location data. Participants could optionally complete
daily microsurveys and audio journals, deployed via the Beiwe application. There was

also the option of participating in monthly recorded clinical interviews, approximately 30
minutes long, during which participants were asked about their symptoms in the past month.
The interviews were conducted either onsite (in the years 2016-2020) and recorded as
described in our prior work (Girard et al., 2021), or virtually (since March 2020) using

the MGB mandated Zoom video conferencing and recording platform. Completion of
study procedures was monitored daily by study staff using an in-house developed deep
phenotyping dashboard (DPdash), and feedback to participants regarding missing data, or
assistance solving technical issues, were provided within 1-3 days. Participants were paid
monthly according to the study procedures they completed. The protocol was approved

by the MGB Institutional Review Board. The present report focuses on the associations
between spoken language features and clinical symptom scores extracted from the recorded
interviews, as well as the associations between smartphone use features summarized over the
month prior to the interview and the clinical symptom scores derived from the interviews.

Clinical symptom scores

We focused here on the clinical symptoms of disorganization, as assessed using the PANSS
(Kay et al., 1987) conceptual disorganization (P2), difficulty in abstract thinking (N5), and
poor attention (G11) items, because these items have been associated with a disorganized/
concrete factor in a meta-analysis of multiple prior factor analyses (Wallwork et al., 2012).
The clinical interviews conducted in this study were semi-structured and designed to obtain
the information needed to score the PANSS, and a few other scales not considered here,
based on questions and brief conversation with participants about symptoms and events
incurred in the month prior to the interview. Each interview was scored on all PANSS items
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by a trained clinical rater, with a subset of the interviews reviewed periodically by a second
trained rater to detect and correct any inconsistencies.

Spoken language features

In this report, we analyzed only the participants’ side of the interview. We focused

on spoken language features that can be derived automatically from an interview or
conversation, and have previously been suggested to be impaired in association with
disorganized and non-goal directed thought patterns, including measures of speech quantity,
rate, and fluency, and measures of semantic coherence and regularity (Corcoran et al., 2020;
de Boer et al., 2020; Kuperberg, 2010). The audio recordings of the clinical interviews were
automatically checked for quality using the Opensmile software, and recordings flagged

for low sound amplitude or high interviewer-interviewee channel correlation were reviewed
by study staff to determine adequacy for transcription. Audio recordings were sent to a
professional service (TranscribeMe, Inc.) to obtain research grade transcriptions for analysis.
The transcription was verbatim and included speaker annotation, sentence level time stamps,
and redaction of personally identifying information. In addition, filler and crutch words,

and word repetitions, were offset with commas, and false starts and stutters were marked
systematically with dashes. We derived the spoken language features automatically from

the transcripts using Python 3.9 pandas, numpy, and nltk packages, including counts of
word and disfluency types, and measures of semantic processing. Semantic coherence was
computed using the Google News 300 dimension word2vec model (Mikolov et al., 2013),
based on the mean cosine similarity between word embeddings, for both sequential and
pairwise words in a sentence. Word uncommonness was computed using the same package,
based on the magnitude of each word vector. All the features (except total words and

word rate) were computed at the sentence level and then averaged for each speaker over

the interview. Because the transcriptions were verbatim and time-stamped at the sentence
level, they accurately captured spoken sentence units, rather than strictly formal sentences as
defined in written language. From a practical standpoint, sentences were the most accessible
linguistic unit available for analysis. Averaging by sentence effectively adjusted the features
for the different length of each participant’s interview responses. The extracted features
were reviewed by a staff member for accuracy in a subset of the interviews. The list and
description of the analyzed language features is provided in Table 1.

Phone features

We focused here on phone usage features that could be indicative of behavioral
disorganization and lack of structure in daily routines, including phone data missingness
and phone usage during sleep time. Passive collection of phone usage data via the Beiwe
application was a required study procedure. Phone data missingness was considered to
reflect non-compliance with study requirements when it occurred in isolation (i.e., not in
relation to a system error observed across participants) and could not be resolved promptly
with the assistance of study staff. Common reasons for phone data missingness in an
individual participant were failure to charge the phone battery, failure to connect the phone
to Wi-Fi, failure to update the phone settings to permit data transfer, and uninstalling the
Beiwe Application. The phone data missingness and phone in-use during sleep time features
were computed using our in-house developed deep phenotyping pipeline (DPSleep). Phone
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data were operationally defined as missing on any day with less than 60 minutes of phone
in-use time recorded in Beiwe. The phone usage data missingness feature was computed as
the number of days in which phone data were missing in the 28 days preceding the interview
(or the period since the previous interview if less than 28 days). The participants’ phone
usage behavior was calculated only for interviews for which phone usage data missingness
did not exceed 25% of the days preceding the interview. The phone usage behavior

was computed based on the phone’s “locked” and “unlocked” events recorded in Beiwe.
The phone in-use time was computed as the time between consecutive unlocked-locked
events, and was operationally limited to a maximum duration of 15 minutes (reflecting the
assumption that the phone was not used continually during the unlocked-locked period).

To determine sleep time, phone usage time was first computed minute by minute for

every 24-hour cycle, and the primary sleep episode, operationally defined as the longest
epoch in a cycle when the phone is locked, was computed using a 150-minutes moving
window (Rahimi-Eichi et al., 2021). The average sleep epoch over the entire course of study
participation was then computed. The number of minutes of phone in-use during the average
sleep epoch was computed daily, and the mean and standard deviation over the pre-interview
search period were derived for analysis in this report. The list and description of analyzed
smartphone features is provided in Table 1.

Statistical Analysis

Results

The analyses were designed to estimate the associations between each language feature

and each disorganization clinical measure, and between each phone feature and each
disorganization clinical measure. Because the features and clinical scores were derived from
a varying number of interviews per participant, linear mixed effects models were used to
estimate both fixed and random effects. Each clinical measure was regressed on each feature
in a separate mixed effects linear regression model, taking participant as a random variable
(allowing for different intercepts and slopes for each participant). To minimize the risk of
type | errors, a Bonferroni correction was applied to account for the number of language
features (n=11) and phone features (n=4) that were tested with each clinical measure. Thus,
the statistical significance threshold was set at p<0.0045 for the models of language features,
and p<0.0125 for the models of phone features. To assess the possibility of shared variance
between language features, and between phone features, we also ran multivariate linear
mixed effects models with P2 as the dependent variable and two predictors representing the
primary language or phone, respectively, features found to be significantly associated with
P2 in the separate mixed effects models.

Seventy-four participants were enrolled in the study in total since February 2016. The
demographic distribution of each sub sample used in the analyses is reported in Table 2. The
full sample used for the analyses of associations with P2 scores consisted of data linked to
745 clinical interviews, obtained from 59 participants who agreed to the recorded interviews,
in the period till March 2022. Several of the interviews did not have N5 or G11 scores,
resulting in 737 and 743 interviews in the full samples for these clinical scores, respectively.
The full samples were used to evaluate phone usage data missingness. For the analysis of
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the phone usage features, the samples consisted of data linked to 471 interviews (with less
than 25% missingness of phone usage data) for P2, and 470 for N5 and G11, from 51
participants. For the analysis of language features, the samples consisted of 145 interviews
for P2, and 144 interviews for N5 and G11, from 18 participants. Because of the cost of the
professional transcription service, transcriptions were initially obtained only for this subset
of interviews, to first evaluate its potential utility. The number of available interviews varied
between participants. For the full sample, the number of available interviews with P2 scores
per participant ranged 1-58 (Mean, M=12.42, Standard Deviation, SD=12.46), for the phone
usage sample it ranged 1-37 (M=9.24, SD=8.16), and for the language sample it ranged 1-20
(M=8.06, SD=6.92).

Clinical Scores

The distribution of clinical scores in each of the samples is shown in Figure 1. Overall,
symptoms ranged from absent (score=1) to moderate severe (score=5), with one instance
of severe (score=6). In the full sample, the P2 scores ranged 1-5 (M=1.43, SD=0.89), for
N5 they ranged 1-6 (M=1.41, SD=0.80), and for G11 they ranged 1-5 (M=1.70, SD=0.99).
Of the 59 participants included in the full sample, 25 had P2 scores >3, 26 had N5 scores
>3, and 39 had G11 scores =3, in at least one interview. In the phone usage sample, the
scores for P2 scores ranged 1-4 (M=1.25, SD=0.65), for N5 they ranged 1-5 (M=1.33,
SD=0.72), and for G11 they ranged 1-5 (M=1.62, SD=0.92). Of the 51 participants in the
phone sample, 22 had P2 scores =3, 24 had N5 scores =3, and 34 had G11 scores 23, in at
least one interview. In the language sample, the P2 scores ranged 1-5 (M=2.01, SD=1.36),
for N5 they ranged 1-6 (M=1.7, SD=1.03), and for G11 they ranged 1-5 (M=1.96, SD=1.22).
Of the 18 participants in the language sample, 11 had P2 scores =23, 11 had N5 scores =3,
and 15 had G11 scores =3, in at least one interview.

Associations of spoken language features and clinical scores

The duration of the interviews analyzed for language features ranged 2.9 to 95 minutes
(M=30.01, SD=16.96). The results of the mixed linear regression analyses between each

of the eleven language features and the P2 scores are shown in Figure 2. Six of the

features were found to have a significant (Bonferroni corrected) positive association with

P2 scores, including ‘ratio of participant words’ (Beta, B=0.26, 95% confidence interval,
Cl=%0.16, p=0.002), ‘words per sentence’ (B=0.27, CI=%0.17, p=0.003), ‘total disfluencies
per sentence’ (B=0.28, C1=+0.13, p=0.0001), ‘verbal edits per sentence’ (B=0.20, Cl1=%0.13,
p=0.003), ‘repeats per sentence’ (B=0.26, CI=+0.16, p=0.0001), and ‘restarts per sentence’
(B=0.26, Cl=£0.12, p=0.00003). The association of ‘words per second’ with P2 did not
survive Bonferroni correction (B=0.18, C1=%0.15, p=0.02). The other features were not
significantly associated with P2 (p>0.19). There were also significant random effects of
participant on the associations of all the language features with the P2 scores, suggesting
that even though the fixed effects reported above were significant across the group, there was
also considerable variation between participants.

Figure 3 shows scatter plots and linear fit lines for the relationships between the ‘ratio
of participant words’ and P2, and ‘total disfluencies per sentence’ and P2. These two
features represent the two domains of language -- verbosity and disfluency -- found to
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be significantly associated with P2 in the mixed linear regression analyses with single
predictors. A multivariate linear mixed effects model with P2 as the dependent variable
and these two features as predictors revealed a significant effect of ‘total disfluencies per
sentence’ (B=0.24, CI=%0.19, p=0.01), but not of ‘ratio of participant words’ (B=0.06,
ClI=%0.22, p=0.56), suggesting that there was shared variance between the two features.

None of the language features were significantly associated with the N5 (p>0.14), or G11
(p>0.15), scores.

Associations of phone features and clinical scores

The results of the mixed linear regression analyses between each of the four phone features
and the P2 scores are shown in Figure 4. Two of the features were found to have a significant
positive association with P2 scores, including ‘phone missing days’ (B=0.11, CI=+0.06,
p=0.0002), and ‘mean phone in-use during the sleep period’ (B=0.13, Cl1=%0.10, p=0.01).
The other features were not significantly associated with P2 (p>0.1). There were also
significant random effects of participant on the associations of all the phone features with
the P2 scores, suggesting again that the reported fixed effects were significant across the
group, but there was also considerable variation between participants.

Figure 5 shows scatter plots and linear fit lines for the relationships between ‘phone
missing days’ and P2, and between ‘mean phone in-use during the sleep period’ and P2.
A multivariate linear mixed effects model with P2 as the dependent variable and these two
features as predictors revealed significant effects of both (phone missing days: B=0.11,
Cl=%0.065, p=0.0009; mean phone in-use during the sleep period: B=0.13, Cl=%0.1,
p=0.01), suggesting an independent association of each feature with P2,

None of the features were significantly associated with the N5 scores (p>0.08), or the
G11scores (p>0.04.

Discussion

We analyzed transcripts of semi-structured clinical interviews, and smartphone usage

data, in a longitudinal cohort of adults with a psychotic disorder, to identify potential
associations between computational measures derived from these data sources and clinical
symptoms of disorganization. Our mixed linear regression analyses revealed specific positive
associations between measures of speech quantity and disfluency, and the clinical scores
representing the severity of conceptual disorganization. There were also positive associations
between measures of smartphone data missingness, and smartphone usage during sleep

time, and the clinical scores of conceptual disorganization. While these associations were
significant across the group, there was also significant variation between individuals in

the group. Overall, the results highlight the tremendous potential of basic computational
linguistic and smartphone measures for supplementing the clinical evaluation of conceptual
disorganization. The results also highlight the potential value of longitudinal study, as it

may permit assessing how well the observed associations generalize across individuals, and
may eventually aid in the disentangling of disease subtypes and stage of disease progression
(Palaniyappan, 2021; Roche et al., 2016). Below, we discuss the results in more details.
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Spoken language features

Across individuals, greater severity of conceptual disorganization symptoms was associated
with greater verbosity (more words in total over the entire interview, more words per
sentence), and more disfluent speech (more verbal edits, repeats and stutters, and restarts,
per sentence, see Table 1 for definitions and examples of the features). Greater verbosity and
greater speech disfluency are thought to reflect difficulties in the planning and formulation
of sentences, related to the difficulties in coherent sequencing of thoughts characteristic of
conceptual disorganization (Andreasen, 1986; Liddle et al., 2002). Overall, the findings are
in line with other nascent work demonstrating the potential utility of quantitative analysis of
speech verbosity and disfluency for characterizing psychotic illness (Cokal et al., 2019; de
Boer et al., 2020; Girard et al., 2021; Tang et al., 2021). Our multivariate analysis further
showed that verbosity covaried with disfluency and did not contribute additional predictive
value for the association with conceptual disorganization, suggesting that the count of
speech disfluencies provided an independent estimate of conceptual disorganization.

In contrast, the clinical scores of conceptual disorganization were not associated with

any of the semantic regularity measures, which are intended to directly capture sentence
incoherence (including instances of illogical, derailed or tangential speech, and peculiar
use of words and sentence constructions). Several factors may have contributed to this null
finding. First, the range of conceptual disorganization in this participant sample extended

to moderate severe (defined as frequent irrelevances, disconnectedness, or loosening of
associations), but not to severe (defined as seriously derailed, internally inconsistent, gross,
almost constant irrelevancies) or extreme (termed as “word salad™). Because our measures
consisted of summaries across the entire interview, frequent but not constant instances of
incoherent sentences may have resulted in a relatively diluted incoherence score. Second,
our analyses focused on sentence level features which could be computed automatically
and scaled to interviews with different structures and lengths. Thus, we did not measure
between-sentences or narrative level incoherence. In addition, because the interviewer’s side
of the interview was not analyzed, instances of participant responses that were incoherent
specifically with respect to the interviewer’s utterance would have been missed. Finally, a
general drawback of many algorithms for computing semantic coherence and irregularity,
including the word2vec model used here, is that they are trained on a corpus of written text,
and may not be adjusted to handle certain sentence constructions or word short forms (e.g.,
‘wanna’, ‘cause’) that occur more commonly in casual spoken language. Thus, more work
is needed to further optimize and automatize semantic regularity features for the analysis

of semi-structured dyadic interviews. Overall, these results are consistent with those of
Tang and colleagues (Tang et al., 2021), who found in open-ended interviews of individuals
with schizophrenia and absent-to-mild language disorder versus healthy controls, a large
discrepancy in speech disfluency (specifically, rate of word incompletion), and a discrepancy
in sentence incoherence only when participant responses were analyzed with respect to
interviewer’s prompts.

While across the group there were significant positive associations between the verbosity
and disfluency features and the clinical measures of conceptual disorganization, there was
also significant variation in these associations between individuals in the group. One source
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of individual variability, specifically the different number of interviews per participant,

was inherent to the study design. However, other sources of individual variability such as
different ranges of conceptual disorganization scores may have been related to different
severity or stage of disease. First, it is notable that the measures of verbosity and disfluency
varied in association with clinically observable changes in conceptual disorganization within
individuals, suggesting that these linguistic features may function as markers of varying
symptom severity rather than markers of a stable disease phenotype. These results reinforce
those of recent work showing that a linguistic measure of semantic similarity varied not
only between individuals with psychosis and healthy controls, but also within the psychosis
group in relation to observable changes in clinical symptoms (Alonso-Sanchez et al., 2022).
Furthermore, the present findings of individual differences in the patterns of association
between language features and clinical measures of conceptual disorganization highlight

the potential value of longitudinal study of spoken language disturbances for identifying
illness subtypes and tracking illness progression. For example, dominance of impoverished
(negative) versus disorganized (positive) speech disturbances, which is hypothesized to
occur at more advanced disease stages (Chouinard et al., 2004; Zanini et al., 2013), would
manifest as a negative association with speech verbosity and disfluency counts (rather than a
positive association as observed here on average across the group).

Overall, the results raise the possibility that counts of speech disfluencies constitute

simple, readily automatable, markers of conceptual disorganization, perhaps especially in
individuals with moderate-severe symptoms who are naturally more challenging to evaluate.
The verbatim speech transcriptions obtained in this study, which included systematic
marking of disfluencies by type, trivialized the automatic derivation of disfluency features,
albeit at a cost that prohibited transcription of the entire sample. With the advent of
improved automated speech transcription platforms, obtaining such features may further

be streamlined and become more easily scalable.

Phone usage features

Across individuals, greater severity of conceptual disorganization symptoms was associated
with greater missingness of smartphone usage data, and greater use of smartphone during
sleep time (see Table 1 for definitions of the features). The multivariate analysis showed
that each of these features contributed independent predictive value to the association
with conceptual disorganization. As detailed in the Methods, missingness of phone usage
data could be due to a variety of reasons, all broadly related to smartphone usage that

is inconsistent with study instructions, and therefore potentially indicative of behavioral
disorganization and inability to maintain routine tasks. The present finding of a positive
association between conceptual disorganization and phone data missingness is consistent
with the possibility that phone usage patterns could serve as a useful biomarker of
behavioral routines. Patterns of smartphone usage have also been shown to provide useful
information regarding daily routine behaviors such as sleep (Staples et al., 2017). In this
context, increased phone use during the average sleep period could be taken to reflect
reduced sleep quality. The present finding of a positive association between smartphone
use during sleep time and conceptual disorganization is novel, though generally consistent
with the notion of abnormal sleep patterns in psychotic disorders (Chouinard et al., 2004;
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Zanini et al., 2013). While the relationship between reduced sleep quality and conceptual
disorganization has not been examined directly, several prior studies have found that sleep
deprivation is associated with reduced speech fluency and alterations in speech production
(Harrison and Horne, 1997; Vogel et al., 2010), consistent with the possibility that
disrupted sleep contributes to conceptual disorganization. Future work using standardized
measurements of sleep should formally evaluate the relationships of sleep patterns with
conceptual disorganization.

Despite their admitted coarseness, estimation of behavioral routines and sleep patterns from
smartphone usage confer the advantage of being completely passive and placing little-to-no
burden on the participant. Thus, smartphone-based passive sensing is highly applicable to
probing sleep and other routine behaviors longitudinally and naturalistically. The present
findings, while completely novel and awaiting replication and validation, highlight the
tremendous potential value of passive sensing of behavior for identifying markers of
complex syndromes such as disorganization.

Conclusions

We found that longitudinal study of individuals with a psychotic disorder, using recorded
clinical interviews and passive sensing smartphone-based methods, yielded useful scientific
insights. The study’s main findings, of positive associations between clinical measures of
conceptual disorganization and 1) measures of spoken language disfluency, and 2) measures
of smartphone usage during sleep, have important implications. The findings suggest

that digital measures of speech disfluency may serve as scalable markers of conceptual
disorganization. The findings warrant further investigation into the use of recorded
interviews and passive sensing technologies to assist in the characterization and tracking of
psychatic illness. The study also has several limitations. The mixed effects linear regression
analyses estimated random participant effects. However, demographic (age, sex, education)
and clinical (diagnosis, medication) variables could have important effects on the observed
associations and should be examined in future studies with larger participant samples. In
addition, the participant sample ranged in clinical symptoms from absent to moderate severe,
such that it is unclear whether the results would generalize to individuals with severe
symptoms. The spoken language and smartphone usage features analyzed here were found
to be specifically associated with clinical measures of conceptual disorganization, but not
other facets of disfunction that have been linked to disorganization, namely, abstract thinking
and poor attention. Future longitudinal studies with larger participant samples and using
thought disorder specific scales should further examine the relationships between these
symptom dimensions, in the context of individual variability in their manifestation over the
course of disease progress.
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Distribution of Clinical Scores
Symptom Scale
1-Absent

2-Minimal
3-Mild
® 4-Moderate
W 5-Moderate severe
m 6-Severe
m B n. - — n_
P2 NS G11 P2 N5 G11
Language Sample Phone Sample

Distribution of the PANSS P2 (conceptual disorganization), N5 (difficulty in abstract
thinking), and G11 (poor attention) clinical scores in the full sample of interviews, and the
samples used for the analysis of language, and phone, features. The color scale represents
the severity of symptoms in each PANSS item. See text for definitions of the three samples.
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Language features and conceptual disorganization
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Figure 2.
Forest plot of beta coefficients and 95% confidence intervals for the general linear regression

models representing the relationship between each language feature and the conceptual
disorganization clinical score (PANSS P2). Each feature was tested in a separate mixed
effects model, including participant as a random variable. Plot points colored in red mark
significant (Bonferroni corrected), and plot points colored in black mark non-significant,
models.
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A. Ratio of Participant Words by P2 Conceptual Disorganization
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Figure 3.
A. Scatter plot of the ratio of ‘total words produced by the participant over total words

produced in the interview’ versus the PANSS P2 conceptual disorganization scores, overlaid
with the linear fit line and 95% confidence interval for the correlation between these
variables. B. Scatter plot of the ‘mean number of disfluencies per sentence’ versus the
PANSS P2 conceptual disorganization scores, overlaid with the linear fit line and 95%
confidence interval for the correlation between these variables.
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Phone features and conceptual disorganization
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Figure 4.

Forest plot of the beta coefficients and 95% confidence intervals for the general linear
regression models representing the relationship between each phone feature and the
conceptual disorganization clinical scores (PANSS P2). Each feature was tested in a separate
mixed effects model, including participant as a random variable. Plot points colored in

red mark significant (Bonferroni corrected), and plot points colored in black mark non-
significant, models.
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Figure 5.

A. Scatter plot of the ‘phone usage data missingness’ versus the PANSS P2 conceptual

A. Phone Data Missingness by P2 Conceptual Disorganization
Y=4.3131+2.42*X

(n=745)
30
[} o o o o
[e] o [e]
[e]
] o
25 o o
o o o
— [e] o [
T 20 o o o o P
= o o o _o-"
@ o o -
[ o o] o
o [e] o
215 ° o o
2 S o 0.
= o o O e~
£ 10 o et - o o
© 0 | a-see e owe o o
a o — O o o
© fo---mzO—TT--" o o
S s 0 S 3 3
£ [ o o o
o o o (o]
o] (o] o o]
o o (o] o
0 o o o o
1 2 3 4 5
Conceptual Disorganization (PANSS P2 score) |“a_95% confidence
B. Phone In-Use During Sleep Epoch by P2 Conceptual Disorganization
Y=9.6292+5.0425"X
(n=471)
80
o
70
o
60

Mean Phone In-Use During Sleep Epoch (minutes)

1 2 3 4

Conceptual Disorganization (PANSS P2 score)| “a_95% confidence

Page 19

disorganization scores, overlaid with the linear fit line and 95% confidence interval for the
correlation between these variables. B. Scatter plot of the ‘phone in-use during sleep epoch’
versus PANSS P2 conceptual disorganization scores, overlaid with the linear fit line and
95% confidence interval for the correlation between these variables.
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Table 1.

Description of language and phone features analyzed in the study participants

Page 20

Definition/calculation

Measured skill

Language features

Ratio of participant words

Total words produced by participant over total words produced in
interview

Spontaneity in speech
and willingness to speak,
verbosity

Words per sentence

Mean number of words per sentence

Sentence complexity,
verbosity

Words per second

Total words produced by participant over total duration of participant’s
turns

Speed of speech
production

Disfluencies per sentence

Mean number of disfluencies per sentence, including non-verbal and
verbal edits, word repeats, and restarts

Ability to formulate
sentences, fluency in
conversation

Non-verbal edits per sentence

Mean number of non-verbal fillers (e.g., "uh”, “ah”, "hmm”) per sentence

Speech fluency

Verbal edits per sentence

Mean number of verbal fillers (e.g., "like", "I mean", "you know") per
sentence

Speech fluency

Word repeats per sentence

Mean number of word repeats and stutters per sentence (e.g., “I, I, I'm
g-g-going out™).

Speech fluency

Restarts per sentence

Mean number of restarts (e.g., “did you call—phone him?”) per sentence

Speech fluency

Sequential word incoherence per
sentence

Mean cosine similarity between sequential word embeddings per sentence

Semantic regularity

Pairwise word incoherence per
sentence

Mean cosine similarity between embeddings of every word pair per
sentence

Semantic regularity

Word uncommonness per sentence

Mean magnitude of word embeddings per sentence

Semantic regularity

Smartphone features

Phone usage missing days

Number of days in search window for which phone data are missing
(i.e, available for less than 60 minutes per day). Search window=28 days
before interview day, or number of days since previous interview (if <28
days)

Study compliance, ability
to maintain routine

Phone use during sleep epoch Mean minutes of phone in-use during sleep epoch over search window. Sleep quality
(mean) See Methods for sleep epoch definition

Phone use during sleep epoch Standard deviation (STD) of mean phone in-use during sleep epoch over Seep quality
(STD) search window

Phone use during sleep epoch Number of days in data window for which phone in-use during sleep was Sleep quality

(days>0)

greater than zero
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Distribution of demographic variables and clinical diagnosis in the full (n=59), phone usage (n=51), and

Table 2.

language (n=18) samples used for the analyses.

Full Sample Phone Sample Language Sample

Count | Percent | Count | Percent | Count | Percent
Sex
Female 37 62.7 35 68.6 7 38.9
Male 22 37.3 16 314 11 61.1
Race
African American 7 11.9 7 13.7 0 0.0
American Indian 1 1.7 0 0.0 1 5.6
Asian 8 13.6 8 15.7 2 111
White 40 67.8 33 64.7 15 83.3
Not Reported 3 51 3 59 0 0.0
Education
4 Years College 22 37.3 19 373 4 222
Part College 21 35.6 18 353 8 44.4
Graduate/Professional School | 11 18.6 10 19.6 2 111
Highschool 4 6.8 3 5.9 3 16.7
Not Reported 1 1.7 1 2.0 1 5.6
Age
48-51 3 51 2 3.9 2 111
40-47 3 51 2 3.9 1 5.6
30-39 10 16.9 8 15.7 4 222
24-29 19 32.2 16 314 4 22.2
18-23 16 27.1 15 29.4 4 222
Not Reported 8 13.6 8 15.7 3 16.7
Diagnosis
Schizophrenia 5 8.5 3 5.9 2 111
Schizoaffective 10 16.9 10 19.6 5 27.8
Bipolar | 21 35.6 17 333 7 38.9
Bipolar Il 12 20.3 10 19.6 4 222
Major Depressive Disorder 11 18.6 11 216 0 0.0
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