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ABSTRACT
Negative symptoms of schizophrenia are often associated
with the blunting of emotional affect which creates a serious
impediment in the daily functioning of the patients. Affec-
tive prosody is almost always adversely impacted in such
cases, and is known to exhibit itself through the low-level
acoustic signals of prosody. To automate and simplify the
process of assessment of severity of emotion related symp-
toms of schizophrenia, we utilized these low-level acoustic
signals to predict the expert subjective ratings assigned by
a trained psychologist during an interview with the patient.
Specifically, we extract acoustic features related to emotion
using the openSMILE toolkit from the audio recordings of
the interviews. We analysed the interviews of 78 paid par-
ticipants (52 patients and 26 healthy controls) in this study.
The subjective ratings could be accurately predicted from the
objective openSMILE acoustic signals with an accuracy of
61-85% using machine-learning algorithms with leave-one-
out cross-validation technique. Furthermore, these objective
measures can be reliably utilized to distinguish between the
patient and healthy groups, as supervised learning methods
can classify the two groups with 79-86% accuracy.

Index Terms— schizophrenia, affective prosody, nega-
tive symptoms assessment, openSMILE, supervised learning.

1. INTRODUCTION
Schizophrenia is a chronic and disabling mental disorder with
a high probability of genetic risk inheritance [1]. The dis-
ease often develops in adolescence of an individual and ad-
versely affects the daily functioning for the rest of her life.
The presentation of schizophrenia is diverse and can be char-
acterized broadly by positive (hallucinations and delusions),
negative (apathy, blunting of affect and alogia) and cognitive
(attention, memory and executive functioning) symptoms [2].
The positive symptoms are conspicuous and possess effective
pharmacological treatments. However, the negative and cog-
nitive symptoms often go undetected and neglected, and are
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trivialized as “laziness”, although they have been consistently
reported to contribute to the observed disability in schizophre-
nia. Furthermore, these symptoms have few to none effective
drug treatments [3].

Emotional impairment is known to be one of the hall-
mark symptoms of schizophrenia since a long time [4]. This
impairment is exhibited in both the patients’ inability to ex-
press emotions through facial expressions and prosody as
well as their failure to recognise displayed emotions of oth-
ers [5]. In the objective to understand emotional impairment
in negative symptoms of schizophrenia, blunting of facial
affect has received generous attention from the scientific and
medical community [6], [7]. Although emotion from speech
has been studied quite extensively for healthy people [8], in
comparison, speech of individuals with schizophrenia has
been far less investigated [9]. Gold et al. [10] provided stim-
uli specifically designed to elicit emotions and associated
acoustic features to a large group of patients and controls.
They concluded that patients with schizophrenia are unable
to identify emotion from voice due to their impairment to
process low-level acoustic features, such as pitch and inten-
sity. The authors Roux et al. [11] also concluded that explicit
processing of emotional prosody is impaired in patients with
schizophrenia through a vocal emotional Stroop task. Leit-
man et al. [12] proved the emotion recognition inability in
patients were strongly related to such low-level pitch related
cues as mean and variance of fundamental frequency. As-
sociation of auditory processing abnormalities with affective
prosody dysfunction in schizophrenia has also been estab-
lished by Jahshan et al. [13] through event-related potentials
(ERPs). Occasionally, vocal and facial emotion processing
deficit has been dealt together [14], through designing of
crossmodal tasks. The prosody processing deficit has also
been reviewed from a neuro-physiological angle in [15], [16].
Although all the methods discussed above indicate towards
the same conclusion, the methods themselves are compli-
cated, unique and non-automated. Moreover, the reverse
analysis has not yet been performed, i.e., whether the low-
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Fig. 1. The audio recording hardware and openSMILE acoustic features extraction system.

level signals, which are related to emotion, can be utilized to
assess the severity of schizophrenia or to distinguish between
individuals suffering from schizophrenia and healthy individ-
uals.

We believe the low-level acoustic signals provide a strong
indication of affective prosody dysfunction in schizophre-
nia, hence, we focus our attention to such signals in this
paper. Specifically, these signals are extracted from audio
recordings of participants, including schizophrenia patients
and healthy control subjects, during a semi-structured clinical
interview. During the interview, the patients are rated on their
behaviour and social functioning on the Negative Symptoms
Assessment rating instrument, one of the few purposefully
developed rating instruments for the assessments of the nega-
tive symptoms of schizophrenia [17]. Currently, this method
of assigning subjective ratings on a suitable assessment scale
by a trained psychometrician is the only way to reliably judge
the severity of negative symptoms. We wish to automate
this exercise so that the subjective ratings can be predicted
from the low-level prosodic cues using them as features in
machine learning algorithms. We also wish to employ the
same prosodic cues in the distinction of patients from healthy
individuals.

This paper is organized as follows: in Section 2, we de-
scribe the experimental design, and give the demographics
information regarding the participants. In Section 3, we elab-
orate on the hardware for audio recording and elucidate ex-
tracted the low-level acoustic signals in detail. In Section
4, we discuss our results for predicting the subjective rat-
ings (61-85% accuracy) and classification of schizophrenic
patients v/s healthy subjects (79-86%). Section 5 provides a
brief discussion of the results from the previous section. Fi-
nally, in Section 6, we present our concluding remarks.

2. DESIGN OF EXPERIMENT

We collaborated with the Institute of Mental Health (IMH) in
Singapore to conduct this study. Ethics approval for this study
was provided by the National Healthcare Group’s Domain-
Specific Review Board in Singapore. The participants receive
monetary remuneration for taking part in the study. All the
participants are above 21 years of age and have given their

written informed consent. All participants are matched for
age, gender, ethnicity and educational qualifications, and are
recruited by IMH. Out of the 78 total participants, there are 52
individuals with schizophrenia, grouped as Patients, and 26
individuals without any disorders, grouped as Controls. Table
1 provides the demographic information of the participants.

Table 1. Demographics data of participants.
Patients (N = 52) Controls (N = 26)

Age Mean (years) 30.3 29.6
Range (years) 20-46 19-47

Gender Male 25 12
Female 27 14

Ethnicity
Chinese 44 22
Malay 5 3
Indian 3 1

Education
University 7 4
Diploma/ Vocational 28 15
High School 17 7

Following the experiment design, each participant is as-
sessed on a cognitive battery - the Brief Assessment of Cog-
nition (BAC), and a semi-structured clinical interview. A
trained psychometrician from IMH conducts the interviews
of the participants in English. The audio, as well as the video
of this interview, is recorded. The behaviour displayed by the
participant during the interview is rated by the psychologist
on a scale of 1-6 (1 indicating no symptoms, and 6 indicating
severe symptoms) on the various items of the NSA-16 [17]
rating instrument. There is no role-playing involved during
the interview. As mentioned before, the interview is semi-
structured, and there is no fixed time-limit for the patient
responses. The audio files of these interviews have been anal-
ysed from start to finish, instead of selecting only a part of the
interview. This provides a more holistic understanding of the
participants’ emotional behaviour in a conversation setting.
On average, the interviews lasted for about 26 minutes, and
we have analysed about 34 hours of recorded audio data. At
this moment, we are unaware of the existence of any other
dataset containing such extensive, rich multimedia data re-
garding the negative symptoms of schizophrenia.

3. SYSTEM OVERVIEW
In this section we briefly describe the hardware employed to
record the data, and the acoustic signals extracted from such
captured recordings. Fig.1 illustrates the audio recording and
openSMILE acoustic features extraction system.
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Table 2. Prediction of NSA-16 Items from openSMILE Audio Features for Individuals with Schizophrenia (N = 52).

NSA-16 Item

Confusion matrix
Precision Recall F-score Accuracy Baseline Accuracy Algorithm Feature selection

Predicted class

High Low

Prolonged time to respond True
class

High 10 7 0.83 0.59 0.69 82.69% 67.31% kNN F-scoreLow 2 33 0.83 0.94 0.88

Restricted speech quantity True
class

High 17 4 0.77 0.81 0.79 82.69% 59.61% Gaussian SVM PCALow 5 26 0.87 0.84 0.85

Impoverished speech content True
class

High 20 5 0.80 0.80 0.80 80.77% 51.92% Linear SVM Linear SVMLow 5 22 0.81 0.81 0.81

Emotion reduced range True
class

High 16 12 0.67 0.57 0.62 61.54% 53.85% kNN Random ForestLow 8 16 0.57 0.67 0.62

Affect:Reduced modulation of intensity True
class

High 21 5 0.78 0.81 0.79 78.85% 50.00% Adaboosted Decision Trees Decision TreesLow 6 20 0.80 0.77 0.78

Reduced expressive gestures True
class

High 14 4 0.78 0.78 0.78 84.62% 65.38% Adaboosted Decision Trees χ2
Low 4 30 0.88 0.88 0.88

3.1. Sensing and Recording
We employed easy-to-use portable equipment for recording
conversations; it consisted of lapel microphones for the par-
ticipant and the psychologist, and an audio H4N recorder that
allowed multiple microphones to be interfaced with a laptop.
The audio data was recorded as a single 2-channel audio .wav
file, with one channel for each of the psychologist and the
participant. The participant and the psychologist were seated
at a distance of about 2 meters, hence the cross-talk in the
channels were minimal. The openSMILE features were ex-
tracted only from the participant audio.

3.2. Audio features for emotion
OpenSMILE, or open-Source Media Interpretation by Large
feature-space Extraction, toolkit is a modular and flexible au-
dio feature extractor for signal-processing applications [18].
We concentrate only on the acoustic signals which are re-
lated to emotion recognition, and hence our acoustic features
are based on the openSMILE ‘emobase’ set consisting of 988
features for emotion recognition. Following twenty-six low-
level descriptors (LLD) are calculated from the audio for this
set: Intensity, Loudness, MFCC (12), Pitch (F0), Probability
of voicing, F0 envelope, 8 LSF (Line Spectral Frequencies),
and Zero-Crossing Rate. The delta regression coefficients of
the aforementioned LLDs are also computed. Both the LLDs
and their delta coefficients are smoothed by a moving aver-
age filter with window size 3. Over these LLDs and their
delta coefficients, the following nineteen measures are cal-
culated: maximum value, minimum value, positions of the
maximum and minimum values, range, arithmetic mean, 2
linear regression coefficients and linear and quadratic error,
standard deviation, skewness, kurtosis, quartiles 1, 2 and 3,
and the inter-quartile ranges 1-2, 2-3 and 1-3. Consequently,
the 19 measures computed over 26 LLDs and their 26 delta
coefficients yield (19× 26× 2) 988 acoustic features.

4. RESULTS

In this section, we present the results of classification using
the openSMILE audio signals for emotion. First, we present

the binary classification results for a few of the relevant NSA-
16 items, using the openSMILE signals as features for super-
vised pattern recognition classifiers. Further, we also provide
the prediction results of the classification of participants into
Patient and Control groups, based on the openSMILE signals
only as features, as well as for the combination of openS-
MILE signals with body movement signals as a larger feature-
set.

4.1. NSA-16 items prediction
We applied the openSMILE acoustic features for emotion
recognition as objective features to predict subjective NSA-
16 ratings related to emotional behaviour of the individuals
suffering from negative symptoms of schizophrenia (N = 52).
As mentioned before, the ratings on the NSA-16 are on a
scale of 1-6; however, the distribution of the ratings is highly
irregular, i.e, not all of the 6 ratings are equally frequent. To
overcome this problem, the 6 ratings of the NSA-16 items
are re-categorized into 2 classes: Unobservable (Class 0:
ratings of 2 or below on the items, implying no observable
symptom), and Observable (Class 1: ratings of 3 and above,
implying observable symptom(s)).

We trained multiple machine learning classifiers with the
acoustic signals as features and the class labels as targets,
with leave-one-out cross-validation. The following classifiers
were tested: k Nearest Neighbours, Decision Trees, Random
Forest, Adaboosting with Decision Trees, SVM with Gaus-
sian kernel, SVM with linear kernel, Naive Bayes, and Multi-
layer Perceptron. Since the openSMILE feature-set contains
a total 988 features, some of the features may be irrelevant
for the classification objective. To reduce the detrimental ef-
fects of confusing features on the performance of the clas-
sifier, a rigorous feature-selection method was applied. For
each step of leave-one-out cross-validation, the features of
the training set were ranked using one of the following tech-
niques: F-score (ANOVA), χ2, Mutual Information, Pear-
son correlation, Principal Components, linear SVM, Decision
Trees, and Random Forests. Subsequently, the optimal num-
ber of features were selected according to the previous rank-
ing methods using forward feature selection and 5-fold nested
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cross-validation for each step of the main leave-one-out cross-
validation. Table 2 gives the prediction results for the NSA-
16 items related to emotion and speech, along with their con-
fusion matrix, associated statistics, and accuracy for the best
performing classifier and feature-selection combination. Here
the baseline accuracy indicates the output of a classifier which
predicts all the instances of the set as the majority class.

Table 3. Patients v/s Controls classification with openSMILE
Speech Signals of Emotion.

Confusion matrix

Precision Recall F-score Accuracy Baseline
Accuracy Algorithm Feature

selection

Predicted
class

0 1

True
class

0 19 7 0.68 0.73 0.70 79.49% 66.67% Linear
SVM

PCA1 9 43 0.86 0.83 0.84

4.2. Classification of participants
Next, we utilized the objective openSMILE acoustic signals
as features for binary classification in order to distinguish
between the Controls (Class 0, N = 26) and Patients (Class 1,
N = 52) groups. The participant groups were given as target
labels, and leave-one-out cross-validation was performed to
calculate the accuracy of prediction. Feature-selection was
applied as described in Section 4.1. Table 3 lists the classifi-
cation accuracy, confusion matrix and associated metrics for
the best classifier.

Table 4. Patients v/s Controls classification with openSMILE
Speech Signals and Body Movement Signals.

Confusion matrix

Precision Recall F-score Accuracy Baseline
Accuracy Algorithm Feature

selection

Predicted
class

0 1

True
class

0 19 4 0.79 0.83 0.81 86.36% 65.15% Linear
SVM

F-score1 5 38 0.90 0.88 0.89

In one of our earlier studies [19], we extracted 14 body
movement signals based on the skeleton recorded by the Mi-
crosoft Kinect depth camera. Such signals, related to the
speed and acceleration of movement of the head and upper
limbs, were also utilized to distinguish between the Controls
and Patients with a reasonable accuracy. These movement
signals are appended to the current acoustic signals set, since
it has been well-documented that emotions are also expressed
through gestures and body movements [20]. We utilized this
extended set to perform classification of participants again
into Controls (Class 0, N = 23) and Patients (Class 1, N =
43) groups with leave-one-out cross-validation and feature-
selection. For some participants, movement signals are un-
available, due to errors in video recording or lack of consent
of participant to be video-recorded. Hence, the number of
participants for this classification is smaller compared to the
classification with only acoustic features. The results of the
classification and associated metrics for the best-performing

classifier are given in Table 4.

5. DISCUSSION
As can be observed from Table 2, several of the NSA-16
items can be classified with high accuracy. Even the NSA-16
items related to speech and gestures, which are indirectly
linked to emotional impairment, can be reliably predicted.
These symptoms are highly inter-related, and are often found
to cohabit and co-exhibit in patients suffering from negative
symptoms. Another inference which can be drawn from the
Tables 3 and 4 is that blunting of affect results in a muted dis-
play of both prosody and associated gestures and movements,
yielding high classification accuracy.

6. CONCLUSION
Schizophrenia is a chronic mental disorder and has a consid-
erable impact on the lives of millions of people worldwide.
Blunting of affect is one of the most salient negative symp-
toms of schizophrenia, and is commonly manifested through
deficiency in affective prosody processing. In this paper, we
utilized the low-level acoustic prosodic signals to reliably
predict quite a few of the expert subjective ratings related
to emotion assigned by a trained clinician. We also demon-
strated that these prosodic signals alone, or in combination
with movement signals, could also be utilized to distinguish
between individuals with schizophrenia from healthy indi-
viduals with a high accuracy. These prosodic signals can
be a helpful aid in clinical practice to screen for presence
and severity of negative symptoms, and even for longitudinal
monitoring of such symptoms. In the future, we wish to uti-
lize the video modality of our recordings to an even greater
extent, by combining the analysis of facial expressions with
prosody for a more holistic understanding of emotional blunt-
ing in schizophrenia.
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