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ABSTRACT

Negative symptoms in schizophrenia are associated with sig-
nificant burden and functional impairment, especially speech
production. In clinical practice today, there are no robust
treatments for negative symptoms and one obstacle surround-
ing its research is the lack of an objective measure. To this
end, we explore non-verbal speech cues as objective mea-
sures. Specifically, we extract these cues while schizophrenic
patients are interviewed by psychologists. We have analyzed
interviews of 15 patients who were enrolled in an observa-
tional study on the effectiveness of Cognitive Remediation
Therapy (CRT). The subject (undergoing CRT) and control
group (not undergoing CRT) contains 8 and 7 individuals
respectively. The patients were recorded during three ses-
sions while being evaluated for negative symptoms over a
12-week follow-up period. In order to validate the non-verbal
speech cues, we computed their correlation with the Nega-
tive Symptom Assessment (NSA-16). Our results suggest a
strong correlation between certain measures of the two rating
sets. Supervised prediction of the subjective ratings from
the non-verbal speech features with leave-one-person-out
cross-validation has reasonable accuracy of 53-80%. Further-
more, the non-verbal cues can be used to reliably distinguish
between the subjects and controls, as supervised learning
methods can classify the two groups with 80-93% accuracy.

Index Terms— Schizophrenia, Negative Symptoms As-
sessment, non-verbal cues, correlation, supervised learning

1. INTRODUCTION

Schizophrenia is a chronic and disabling mental disorder
that often develops in adolescence and has a heterogeneous
presentation characterized broadly by positive (hallucina-
tions and delusions), negative (apathy, blunting of affect
and alogia) and cognitive (attention, memory and executive
functioning) symptoms [1]. Although the pathogenesis of
schizophrenia remains unclear but research so far has pointed
to a strong genetic basis with estimates of heritability of risk
at about 80% [2].

Current pharmacological treatments are effective in treat-
ing positive symptoms, but have at most doubtful efficacy

on negative and cognitive symptoms, sometimes with harm-
ful side-effects [3], [4]. Negative and cognitive symptoms
in schizophrenia do contribute significantly to the disability
seen in clinical practice. Cognitive function has also been
consistently shown to be highly correlated to functioning
in daily living, and this has spurred a flurry of activity to
develop treatments for cognitive impairments in schizophre-
nia [5]. One of the most promising strategies in the literature
today for the treatment of cognitive deficits in schizophrenia
is Cognitive Remediation Therapy (CRT) [6]. CRT is de-
signed to enhance cognition, and hence is likely to improve
functioning outcomes and “life skills such as work and social
functioning” [7]. Recent meta-analysis has shown that CRT
not only led to a moderate effect size improvement in cogni-
tion, it additionally appeared to improve negative symptoms
by a similar margin [6].

However, it was also found that CRT did not seem to suit
all patients with schizophrenia. One of the possible explana-
tions for this observation could be that cognitive deficits in
schizophrenia have a wide range of impairment and could be
as heterogeneous as the diagnostic phenotype. This makes
it difficult to identify suitable patients for CRT, or to even
tailor the CRT to the specific deficits. Identifying cognitive
and sociological biomarkers will greatly aid the stratification
and tailoring of CRT for patients with schizophrenia and can
have potential to be used as an objective way to gauge an
individual’s response to CRT.

One of such biomarkers can be language usage among
patients as speech impairments is one of the key negative
symptoms in schizophrenic patients [8]. However, previous
non-automated attempts to utilize the different aspects of
speech and language as differentiators between schizophrenic
and healthy individuals have had limited success. Although
there existed some distinction in verbal fluency tasks between
patients and healthy controls [9], other studies involving
semantic boundary [10] or metaphor interpretation [11] in-
dicated no significant differences between the two groups.
However, automated efforts based on speech deficiencies to
distinguish patients and healthy controls have had greater
success with the recent advancements in computer science
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Fig. 1. An overview of data acquisition and the analysis of subjective and objective features.

and signal processing techniques. Subtle differences in com-
munication discourses were detected among patients, their
first-degree relatives and healthy controls employing Latent
Semantic Analysis (LSA) in [12]. LSA was again utilized to
identify lack of semantic and phonological fluency, discon-
nected speech, and thought disorder in [13], and LSA and ma-
chine learning were used to analyse free-speech and predict
onset of psychosis respectively of high-risk youths in [14].
However, all the above methods are based on semantic analy-
sis and natural language processing, with little attentionto the
restricted non-verbal cues display of patients suffering from
negative symptom schizophrenia [15]. Non-verbal speech
cues such as voice tone, volume, and interjections play cru-
cial role in human interaction and communication [16], and
the muted display of such signals in patients can be made
use for both distinguishing them with healthy controls and
developing specific and objective treatments.

In this paper, we present the preliminary results on the
relationship of such non-verbal speech cues extracted from
audio recordings of patient interviews with the Negative
Symptoms Assessment (NSA-16) tool [17]. We also report
how the non-verbal cues were applied as features in machine
learning algorithms to differentiate between subjects and
controls, the former group suffering from a greater degree of
cognitive impairments of schizophrenia than the latter.

This paper is organized as follows: in Section 2, we
describe the hardware system used to collect data and the
extraction of specific non-verbal cues from the collected data.
In Section 3, we elucidate the experimental design with the
subjects and controls and their interview cycles with the psy-
chologists. In Section 4, we discuss the correlation between
the non-verbal speech cues and subjective ratings of the NSA-
16 from the patient interviews. We also assess the accuracy
of machine learning algorithms with leave-one-person-out
cross-validation technique in identifying the subjectiverat-
ings from objective cues (accuracy of 53-80%) and attribut-
ing the features to subject cases and controls (accuracy of
80-93%). In Section 5, we provide concluding remarks.

2. SYSTEM OVERVIEW

In this section we briefly describe the data acquisition sys-
tem and feature extraction. First, we explain the hardware

setup for audio recording of conversations. Next, we briefly
describe the extraction of non-verbal speech cues from the
recorded audio. The overall system is illustrated in Fig. 1.
The hardware system utilised for audio recording is identical
to the one used in our earlier work [18], where similar non-
verbal audio features were extracted.

2.1. Sensing and Recording

We employed easy-to-use portable equipment for recording
conversations; it consisted of lapel microphones for each of
the two speakers and an audio H4N recorder that allowed
multiple microphones to be interfaced with a laptop. The
audio data was recorded in brief consecutive segments as a
2-channel audio .wav file.

2.2. Extraction of Non-Verbal Cues

The conversational cues account forwho is speaking,when
andhow much, while the prosodic cues quantifyhow people
talk during their conversations. We computed the following
conversational cues:the number of Natural Turns, Speak-
ing Percentage, Mutual Silence Percentage, Turn Duration,
Natural Interjections, Speaking Interjections, Interruptions,
Failed Interruptions, Speaking Rate andResponse Time [18].
Fig. 2 shows an illustration of conversational cues [18].

Fig. 2. Illustration of turn-taking, interruption, failed inter-
ruption, and interjection. Those conversational cues are de-
rived from the binary speaking status (speaking vs. non-
speaking) [18].
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Table 1. Demographics of participants in the study.
Subjects (N=8) Controls (N=7)

Mean Range Mean Range
Age 29.25 23-40 30.43 25-39

N % N %
Female 4 50.0 5 71.43
Ethnicity (Chi-
nese)

5 62.5 7 100.0

Highest Level
of Education
(University)

2 25.0 1 14.29

3. EXPERIMENTAL DESIGN

We are conducting this study in collaboration with the Insti-
tute of Mental Health (IMH) in Singapore. It is an ongoing
study, and the results in this paper are for the cases who have
completed the 12-week study. There are two groups of partic-
ipants:Subjects who are patients with schizophrenia undergo-
ing CRT [6] in sessions at IMH, andControls who are patients
with schizophrenia at IMH, matched for age, gender, ethnic-
ity, and education, but not undergoing CRT treatment. The
control patients suffer from less severe cognitive impairments
of schizophrenia compared to the subjects. The subject and
the control groups were assessed for cognitive impairments
related to schizophrenia at the start of the study period using
the Brief Assessment of Cognition in Schizophrenia (BACS)
tool [19]. The subject group had a mean BACS Composite
score of 27.52, whereas the control group had a mean score
of 42.49 on the same metric, a higher score indicating lesser
cognitive impairment. The participants are recruited by IMH
based on the recommendations of clinicians. The participants
are provided with monetary compensation for participationin
the study. The participants are all adults above 21 years of
age, and have provided written informed consent. All experi-
ments are performed in accordance to the relevant guidelines
and regulations, and the study protocol has been approved
by the National Healthcare Group’s domain-specific Review
Board in Singapore. So far we have collected data for 15
completed participants, including 8 subjects and 7 controls.
Table 1 gives the demographics data of the participants.

The experiment has been designed such that each partic-
ipant is assessed at three timepoints: the first at week 0 (be-
fore the start of the CRT sessions), the second at week 2 and
the third at week 12, at the completion of CRT. Each session
consists of cognitive tasks, clinical interview, and functioning
tasks. In this paper we will discuss the analysis of audio data
acquired during the structured clinical interview. A trained
psychologist from IMH conducts these interviews in English
and rates each participant on a scale of 1-6, where 1 indicat-
ing no symptoms and 6 indicating severe negative symptoms,
on the Negative Symptom Assessment (NSA-16) tool. There
is no pre-determined duration for the interview, instead itde-
pends on participant’s response to the questions asked by the
psychologist. On average, the interviews lasted about 30 min-
utes. We have analysed each interview in its entirety. There-

fore, in this study we have analysed about 22.5 hours of audio
recordings (0.5 hour/interview× 3 sessions× 15 patients).

4. ANALYSIS AND RESULTS

In this section we will present our analysis of the data col-
lected so far. First we show the correlation between the ob-
jective audio features and the subjective negative symptoms
ratings, then we present our results for automated prediction
of negative symptoms from audio features. At the end we
present the the results for the classification of the controland
subject groups. The classification performance was computed
by leave-one-person-out cross-validation, i.e., for eachpartic-
ipant the classifier was tested on the instances of that partici-
pant and trained on all the remaining instances.

We extracted conversational and prosodic features from
the patient interviews conducted by the psychologists at IMH.
As there was no role playing involved in the interviews, most
of the prosodic features remained similar. Therefore, we only
focus on conversational features in this section. Table 2 shows
the linear correlation of conversational speech features with
the patients’ negative symptoms assessed by the IMH psy-
chologists. We calculate the linear correlation valueρX,Y be-
tween a non-verbal cuexi of theith recording of one person,
sayTurn Duration, with the ratingyi of the same recording,
sayRestricted Speech Quantity, as follows:

ρX,Y =

n
∑

i=1

(xi − x̄)(yi − ȳ)

√

n
∑

i=1

(xi − x̄)2
n
∑

i=1

(yi − ȳ)2

, (1)

wherex̄ and ȳ denote the corresponding mean value for all
recordings. Table 2 shows the correlation of 9 NSA-16 crite-
ria with conversational audio features. Each cell of the table
contains two values separated by a comma; the first value
being the linear correlation value itself, whereas the second
value is the correspondingp-value. When thep-value is less
than 0.05, the corresponding correlation value is treated as
statistically significant, and hence the cell is colored foreas-
ier understanding, green for positive correlation and red for
negative correlation. It can be seen from Table 2 that fea-
tures likeFailed Interrupt, Overlap, andResponse Time are
directly correlated to the negative symptoms; on the other
hand Interjection, Interrupt, Speaking Percentage, Speech
Rate, andTurn Duration are anti-correlated to the negative
symptoms. Only those objective non-verbal conversational
features have been listed in the table which have at least one
significant correlation with any one of the subjective features.

Although the set of subjective and objective measures
were selected independently, the significant correlationsbe-
tween some of them indeed make sense. For example, the
subjective featureProlonged time to respond is negatively
related toInterjection, and positively toFailed Interrupt and
Response Time. A patient displaysPoor rapport with in-
terviewer when she takes longer time to respond (increased
Response Time), speaks simultaneously with the interviewer
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Table 2. Correlation values between subjective and objective measures

Interjection
Failed
Interrupt

Overlap
Turn Dura-
tion

Speaking
%

Speech
Rate

Response
Time

Prolonged time to re-
spond

-0.62, 0.014 0.53, 0.042 0.41, 0.130 -0.23, 0.400 -0.33, 0.236 -0.49, 0.066 0.55, 0.032

Restricted speech
quantity

-0.56, 0.030 0.22, 0.429 0.16, 0.565 -0.51, 0.051 -0.53, 0.040 0.13, 0.647 0.59, 0.022

Impoverished speech
content

-0.58, 0.023 0.38, 0.158 0.29, 0.294 -0.02, 0.935 -0.07, 0.801 -0.31, 0.254 0.50, 0.058

Inarticulate speech -0.52, 0.045 0.59, 0.020 0.46, 0.083 -0.11, 0.686 -0.16, 0.570 -0.55, 0.033 0.53, 0.043
Emotion: Reduced
range

-0.46, 0.082 0.01, 0.968 -0.11, 0.696 -0.15, 0.601 -0.13, 0.644 -0.32, 0.245 0.37, 0.176

Affect: Reduced mod-
ulation of intensity

-0.40, 0.144 0.09, 0.755 0.01, 0.966 -0.41, 0.133 -0.49, 0.062 -0.09, 0.744 0.35, 0.195

Affect: Reduced dis-
play on demand

-0.31, 0.258 0.14, 0.618 0.11, 0.690 -0.57, 0.026 -0.60, 0.017 -0.04, 0.898 0.51, 0.051

Reduced social drive -0.59, 0.021 0.14, 0.607 0.08, 0.765 -0.30, 0.270 -0.41, 0.129 -0.06, 0.828 0.48, 0.072
Poor rapport with in-
terviewer

-0.71, 0.002 0.71, 0.003 0.66, 0.007 -0.42, 0.120 -0.50, 0.059 -0.12, 0.673 0.71, 0.003

Table 3. Accuracies of predicting Negative Symptoms using
conversational speech features.

Negative
SVM SVR

Symptoms
Prolonged time of response 67% 60%
Restricted speech quantity 73% 53%

Affect reduced display
73% 60%

on demand
Reduced social drive 67% 53%

Poor rapport with
60% 80%

interviewer

(increasedFailed Interrupts andOverlaps) and a lack ofIn-
terjections. The relation between other subjective features
and objective can be explained in a similar manner. As a next
step in our analysis we determined the prediction accuracy
for each NSA-16 tool from two multi-class pattern recogni-
tion classifiers, viz., Support Vector Machine (SVM) [20] and
Support Vector Regression (SVR) [20], trained in a super-
vised manner. We used subjective ratings as class labels (1-6)
and conversational features as feature-set, then we performed
leave-one-person-out cross-validation to calculate the predic-
tion accuracy of each criterion. In Table 3 we display only
those criteria which could be predicted with more than 60%
accuracy. The negative symptoms dimensions ofProlonged
Time to Respond, Restricted Speech Quantity, Affect Reduced
Display on Demand, Reduced Social Drive, andPoor Rap-
port with Interviewer fall under this category.

To determine whether the subjects and the control cases

Table 4. Classification of conversational speech features into
controls and subjects.

Session SVM SVR
Session 1 86% 86%
Session 2 87% 87%
Session 3 87% 80%

Sessions Combined 87% 93%

can be distinguished based on the objective features of non-
verbal speech cues, we utilized binary SVM and SVR clas-
sifiers in a supervised manner with subjects and controls as
training target labels, and performed leave-one-person-out
cross-validation to calculate the accuracy of classification.
Table 4 contains the classification accuracies. We have pre-
sented session-wise accuracies as well as combined accuracy
for all sessions. The results clearly indicate that audio features
for control and subjects contain major differences and thus
could be differentiated with a high accuracy. This difference
can be attributed to the difference in schizophrenia severity
in the subject and control cases. As mentioned earlier, both
the subjects and controls were suffering from schizophrenia,
but the subjects were undergoing CRT, whereas the controls
were not recommended for CRT by doctors. The controls
have relatively superior mental health compared to subjects,
and this contrast is also translated into the differences inthe
non-verbal speech cues.

5. CONCLUSION

The results in Table 3 are promising, albeit based only on data
from a relatively small number of patients. We plan to in-
crease the number of participants (both subjects and controls)
to obtain more reliable results. These results can be the step-
ping stone towards building an automated tool which could
predict negative symptoms by analysing the speech of a pa-
tient in an automated manner. Such tool may serve as an aid
to psychologists and could potentially help them in providing
better monitoring of schizophrenia patients.

6. ACKNOWLEDGEMENTS

This study was funded by the NMRC Center Grant awarded to
the Institute of Mental Health Singapore (NMRC/CG/004/2013)
and by NITHM grant M4081187.E30.

5813



7. REFERENCES

[1] Caroline Demily and Nicolas Franck, “Cognitive
remediation: a promising tool for the treatment of
schizophrenia,” 2008.

[2] Alastair G Cardno, E Jane Marshall, Bina Coid, Ali-
son M Macdonald, Tracy R Ribchester, Nadia J Davies,
Piero Venturi, Lisa A Jones, Shon W Lewis, Pak C
Sham, et al., “Heritability estimates for psychotic disor-
ders: the maudsley twin psychosis series,”Archives of
general psychiatry, vol. 56, no. 2, pp. 162–168, 1999.

[3] Brendan P Murphy, Young-Chul Chung, Tae-Won Park,
and Patrick D McGorry, “Pharmacological treatment of
primary negative symptoms in schizophrenia: a system-
atic review,” Schizophrenia research, vol. 88, no. 1, pp.
5–25, 2006.

[4] Uriel Heresco-Levy, Daniel C Javitt, Richard Ebstein,
Agnes Vass, Pesach Lichtenberg, Gali Bar, Sara Cati-
nari, and Marina Ermilov, “D-serine efficacy as add-
on pharmacotherapy to risperidone and olanzapine for
treatment-refractory schizophrenia,”Biological psychi-
atry, vol. 57, no. 6, pp. 577–585, 2005.

[5] Maria Semkovska, Marc-André Bédard, Lucie God-
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