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Abstract

Background: Schizophrenia is a chronic and severe mental disease, which largely
influences the daily life and work of patients. In the clinic, schizophrenia with
negative symptoms is usually misdiagnosed and hardly treated. The diagnosis is
also dependent on the experience of clinicians. It is urgent to develop an
objective and effective method to diagnose schizophrenia with negative
symptoms. Recent studies had shown that impaired speech could be considered
as an indicator to diagnose schizophrenia. The literature about schizophrenia
speech detection was mainly based on feature engineering, in which effective
feature extraction is difficult because of the variability of speech signals.
Methods: A novel deep learning architecture based on a convolutional neural
network, termed Sch-net, is designed for end-to-end schizophrenia speech
detection in this work. It avoids the procedure of artificial feature extraction and
combines the advantages of skip connections and attention mechanism to
discriminate schizophrenia patients and controls.
Results: We validate our Sch-net through ablation experiments on a
schizophrenia speech dataset that contains 28 schizophrenia patients and 28
healthy controls. The comparisons with the models based on feature engineering
and classic deep neural networks are also conducted. The experimental results
show that the Sch-net has a great performance on schizophrenia speech detection
task, which can achieve 97.76% accuracy on the schizophrenia speech dataset.
To further verify the generalization of our model, the Sch-net is tested on open
access LANNA children speech database for specific language impairment
detection. Our code is available at https://github.com/Scu-sen/Sch-net.
Conclusions: Extensive experiments show that the proposed Sch-net can provide
the aided information for the diagnosis of schizophrenia speech and specific
language impairment.
Keywords: schizophrenia; deep learning; skip connections; attention mechanism;
pathological speech detection

Background
Schizophrenia is a chronic mental disease that affects about 1% of the population
worldwide [1, 2]. The disease often begins in late adolescence, and it has a large
impact on patients’ social activity and brain development. Schizophrenia is char-
acterized by disordered thinking, impaired speech, and abnormal behaviors. Clin-
ical diagnosis of schizophrenia is generally based on patients’ retrospective recall
biases [3] and the speech/behaviors observed via clinical interviews. Symptoms of
schizophrenia can be divided into two types, positive symptoms, and negative symp-
toms. Positive symptoms include delusions and hallucinations [2, 4], and negative
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symptoms include flat affective, alogia, loss of interest, and disability in activities
[5]. Clinical experience had shown that it is harder to diagnose and treat patients
with negative symptoms than those with positive symptoms [6]. Positive symptoms
are likely to be replaced by negative symptoms in the late episode of schizophre-
nia, and negative symptoms may persist even though after treatment [7]. Negative
symptoms contribute more to the long-term morbidity, higher rates of disability,
and poor quality of life in most schizophrenia patients than positive symptoms do
[8, 9, 10, 11, 12]. In addition, the clinical diagnosis relies on the experience of clin-
icians. Hence, it is urgent to propose a method to diagnose schizophrenia patients
with negative symptoms objectively and effectively.

Patients with schizophrenia exhibit brain structural abnormalities [13, 14, 15],
that are accountable for the speech disorders and cognitive impairments. Cohen
[16] discovered that speech characteristics are significantly related to the negative
symptoms of schizophrenia. Rosenstein [17] confirmed that adolescents with high-
risk psychosis exhibit speech impairments for months/years before they are diag-
nosed. Flat affective and incoherent language expression are typical performances in
schizophrenia with negative symptoms [18]. Schizophrenia groups exhibit reduced
pitch variation [19], increased pauses [20] and poverty of content [21]. The number
and duration of pause are closely related to the evaluation of affective flattening in
the clinic [5, 22, 23].

Generally, most existing methods [24, 25, 26, 27, 28, 29, 30, 3, 31, 32, 33, 34]
analyze schizophrenia speech using feature engineering and classifiers/correlation
analysis. Schizophrenia speech detection experiments are conducted by extracting
fluency features, intensity-related features, spectrum-related features, and so on.
These studies had proved that speech can be viewed as an automated biomarker for
the diagnosis of schizophrenia. However, owing to the limitation in the amount of
data and the difficulties of effective feature extraction, it is still difficult to propose a
robust model. In this work, the Schizophrenia network (Sch-net) designed based on
convolutional neural network (CNN) is proposed to achieve the end-to-end detection
of schizophrenia speech. The propose of Sch-net can avoid the problems in feature
extraction. The contributions in our work can be summarized as follows:

1) This work proposes the Sch-net to detect schizophrenia speech. To the best of
our knowledge, this is the first work based on CNN to detect schizophrenia.

2) The designed Sch-net utilizes skip connections and a convolutional block at-
tention module (CBAM). We verify the effectiveness of each module and the per-
formance of its own model. The experimental results show that the performance is
better than the existing optimal model.

3) To further validate the robustness and generalization of our model, the Sch-net
is tested on open access LANNA children speech database, as well as the schizophre-
nia speech dataset.

Related works
Schizophrenia speech detection has been studied for the last few decades. Previous
studies [24, 25, 26, 27, 28, 29, 30, 3, 31, 32, 33, 34] are mainly achieved based on
feature engineering. In this section, we will review the related studies from the view
of feature categories. The feature extracted for the classification of schizophrenia
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speech and normal speech can be divided into two types, time-domain features, and
spectrum-related features.

Time-domain features: Schizophrenia patient with negative symptoms usually
exhibits incoherent language that can be described by time-domain features, in-
cluding pitch-related features, fluency features, and intensity-related features. 1)
Pitch-related features: Pitch is the fundamental frequency of vocal cord vibration
for voiced initial consonants and some unvoiced initial consonants [35]. Pitch-
related features are common used in analyzing flat affect of negative symptoms
[24, 25, 26, 27, 28, 29, 30, 3]. Studies [28, 27, 26, 24] demonstrated that schizophre-
nia speech characterized by less variability in vocal pitch than normal speech. 2)
Fluency features: The incoherent expression in schizophrenia usually manifests as
more pauses and the longer duration of pauses. Fluency features are employed to
distinguish schizophrenia groups and controls in recent studies [26, 31, 32], such as
the number of pauses and natural turns, mean pause duration, the total length
of pauses, the proportion of silence and speaking, and natural interjections. 3)
Intensity-related features: Voice intensity is an intuitive indicator for conveying
emotional information in human communication [36]. Previous studies [24, 26, 28]
had demonstrated that the voice intensity of patients with schizophrenia has less
variation than that of controls. The intensity-related features can be calculated
based on the variability of energy per second/syllable [24, 26, 28].

Spectrum-related features: Spectrum-related features generally refer to the vari-
ables computed based on the spectrum that containing spatial domain and fre-
quency domain information. Spectrum-related features are commonly used for
schizophrenia speech analysis, reflecting the energy distribution and the vocal tract
characteristics during speech production. The typical spectrum-related features,
such as formants, auditory-based spectral features, and spectral envelope features,
had been proved to be an effective feature for schizophrenia speech detection
[28, 33, 29, 34]. 1) Formants: Formant is the descriptor that reflects the resonance
frequency of the vocal tract. Compton et.al [28] demonstrated that the range of the
second formant for schizophrenia is smaller than that for controls. Chhabra et.al
[33] concluded that schizophrenia patient reduces the use of formant dispersion in
the similarity-dissimilarity ratings. 2) Auditory-based spectral features and spectral
envelope features: Auditory-based spectral features refer to the spectral parameters
that are computed based on human auditory characteristics, and spectral envelope
features refer to the envelope and its variants of the spectrum. Mel-frequency cep-
stral coefficient (MFCC) is one typical auditory-based spectral feature, and linear
prediction coefficient (LPC) is a commonly used spectral envelope feature. MFCC
is gained by using Mel-frequency filters, in which the center frequency is computed
according to the human auditory characteristics. LPC is calculated to estimate the
vocal tract model, which reflects the resonance during speech production. Stud-
ies [29, 34] used MFCCs and LPCs to analyze the characteristics of schizophrenia
speech. Results in [34] showed that the MFCC scores of schizophrenia speech are
significantly lower than that of controls, and the LPC scores of schizophrenia speech
are significantly higher than that of controls.

Low-level acoustic features mentioned above [24, 25, 26, 27, 28, 29, 30, 31, 32,
33, 34] are usually used at the same time to differentiate schizophrenia speech
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and normal speech. Acoustic features are extracted using OpenSMILE, pyAudio-
Analysis, openEAR, and signal processing techniques. Classification experiments
are conducted using classifiers (such as k-Nearest Neighbors, Decision Trees, Naive
Bayes), combined with cross-validation (such as k-fold cross-validation and leave-
one-out cross-validation). Studies [26, 28, 29, 30, 31, 32] achieved 64%-93% accuracy
on schizophrenia speech detection task using 8-98 schizophrenia patients and 7-102
controls.

Results
To demonstrate the effectiveness of the proposed model, comprehensive experi-
ments are conducted. We first describe the schizophrenia speech dataset and im-
plementation details. Next, the ablation studies are presented to demonstrate the
improvements of each component in the proposed Sch-net. Then the classification
results and comparisons with state-of-the-art methods are shown and analyzed. The
network visualization is also presented using Grad-CAM. Finally, to further vali-
date the generalization of proposed method, the classification experiments on the
LANNA children speech database are conducted.

Schizophrenia dataset
Our study has 28 schizophrenia patients (18 females and 10 males) and 28 matched
healthy controls (18 females and 10 males). The schizophrenia group is with a mean
age of 40.6 years (SD 9.4 years), and the control group is with a mean age of 36.5
years (SD 9.1 years). All subjects are native Mandarin speakers, and they did not
have any other past or current disease affecting speaking process. Patients were
recruited from the Psychiatry Department of the Mental Health Center, Sichuan
University. This department is one of four major mental health centers in China.
Schizophrenia group was diagnosed by clinicians based on the Diagnostic and Statis-
tical Manual of Mental Disorders, Fifth Edition (DSM-5) that outlines the concise
and explicit criteria for schizophrenia diagnosis [48]. All subjects provided the writ-
ten informed consent.

The schizophrenia database was composed of audio signals that were recorded in
a 16-bit mono/dual-format at a sampling rate of 44.1kHz. Participants were asked
to achieve the reading task containing four paragraphs. There were 8-10 sentences
for each paragraph and four emotions in the audio signals. The emotions are calm,
happiness, anger, and fear. We selected a fixed sentence for each emotion recording,
and the transcriptions of speech signals are listed in Table 1.

Table 1 The text for speech recording in Mandarin and its corresponded English translation

Emotion Text (Mandarin) Text (English)
Calm Ta yi nian si ji dou ke yi kai hua, hua

duo yi ban shi hong se huo fen se de.
It can bloom all year round, and the
flowers are generally red or pink.

Anger Gen ni shuo le duo shao ci le, bu xu
wan wo de wan! Kan ba, wan bei da
sui le! Ni zhen de shi yao qi si wo!

I told you so many times that you are
not allowed to play with my bowls!
Look, the bowl is shattered! You are
really mad at me!

Fear Ma ma, dui bu qi, wo…wo…wo bu shi
gu yi de.

Mom, I’m sorry, I...I...I didn’t mean
it!

Happiness Ha ha, tai hao la! Tai hao la! Ma ma,
ma ma, wo kao le 98 fen!

Awesome, it’s awesome! Mom,
Mom, I got 98 points!
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Implementation Details
In this study, all audios are converted to spectrograms for analysis using the FFT
method. To make the network learn invariant features to geometric perturbations
and improve the invariance of the network to noise, data augmentation methods are
performed, including repeating random crop, random rotation, random rescaling,
random Gaussian noise, masking blocks of frequency channels [49], and masking
blocks of time steps [49].

The input image of the Sch-net is with the size of 128×256 pixels. Table 2 shows
the Sch-net architecture details. In this architecture, the size of each filter in Conv
layers is set as 3×3. There are 64, 128, 256, 512 filters in the first to fourth Conv
layers, respectively. And there are 512 filters in the three skip connections. The
convolved images are normalized using a ReLU activation in Conv blocks. The max
pooling and average pooling in pooling layers are obtained every 2×2, with a stride
of 2. In the CBAM, 2048 filters of size 7×7 are used to highlight effective features.
The highlighted features are convolved with 512 filters of size 3×3. In the FC neural
network, there are 512 neurons in the first hidden layer and 2 neurons in the second
layer. The final output of this network is the probability of the output values.

Table 2 Sch-net architecture details

Layer Dimension
Conv1 2×[3×3 (64 filters)]
Conv2 2×[3×3 (128 filters)]
Conv3 2×[3×3 (256 filters)]
Conv4 2×[3×3 (512 filters)]
Conv5-8 3×3 (512 filters)

Max-pooling 2×2
Average-pooling 2×2

CBAM 7×7 (2048 filters)
FC 1×1×512, 1×1×2 (two hidden layers)

In all experiments, the binary cross-entropy is adopted as the loss function, and
Adam [50] is used as the optimization algorithm. All experiments are implemented
based on the PyTorch framework [51] and trained on a workstation with Intel(R)
Xeon(R) CPU E5-2680 v4 2.40GHz processors and an NVIDIA Tesla P40 (24 GB)
installed. The network is trained using batch size 16 for 50 epochs. The initial
learning rate is set to 0.0003 and decreases by 10 times after 25 epochs. Five-fold
cross-validation is applied in the experiments because of the limited amount of
schizophrenia speech dataset.

The ablation studies
In this subsection, the effectiveness of our network is verified. The Sch-net’s back-
bone network is based on the CNN, with adding skip connections to enrich the
feature information. And the CBAM is applied to emphasize the more effective fea-
tures with bigger weights. For this ablation study, we evaluate the contributions to
the schizophrenia speech detection task using two key components in our proposed
method. The experimental results are listed in Table 3.

In Table 3, SC means skip connection. As can be seen, the skip connection enriches
the information of feature maps and improves the classification accuracy by 0.69%
on the schizophrenia speech dataset. The CBAM selects the meaningful features for
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Table 3 The overall performance of schizophrenia speech detection using Sch-net and its
components

Architecture Accuracy Precision Recall F1-score
Backbone 0.9431 0.9385 0.9557 0.9444
Backbone+SC 0.9510 0.9446 0.9418 0.9498
Backbone+CBAM 0.9555 0.9617 0.9549 0.9561
Sch-net 0.9776 0.9833 0.9727 0.9773

classification and improves accuracy by 1.24%. Significant improvement of 3.45%
for classifying schizophrenia speech and normal speech is achieved when adding skip
connections and CBAM to the backbone network. The proposed Sch-net combines
the advantages of skip connection and CBAM, achieving better performance on the
classification task.

Comparison with the models based on feature engineering and classifiers
Previous literature about automatic schizophrenia speech detection [24, 25, 26, 27,
28, 29, 30, 31, 32, 33, 34] are almost based on feature engineering and pattern
recognition technology. In this subsection, the performances of the combination of
feature engineering and classifiers are displayed and analyzed. Four types of acoustic
features are extracted, which are time-domain features, Fast Fourier Transform-
based (FFT-based) spectral features, auditory-based spectral features, and spectral
envelope features. Four classifiers are adopted, including random forest (RF), k-
nearest neighbor (KNN), support vector machine (SVM), and linear discriminant
analysis (LDA).

Time-domain features used in this work contain short-term energy (STE), pitch
and fluency features. The STE feature implies the intensity of speech, and the
pitch conveys the characteristics of the vocal cord in the pronunciation process.
The fluency feature can reflect the degree of coherence in expression. Considering
the reduced syntactic complexity and abnormal pauses in schizophrenia speech, five
fluency features (total recording time, the total length of voice segments, the ratio
of voice segments, max duration of pauses, mean length of syllables) are employed
to compose a feature set.

FFT-based features refer to the features in the frequency domain that are com-
puted by short-time Fourier transform. In this work, two FFT-based features (spec-
trogram and long-term average spectrum (LTAS) ) are adopted in this work. LTAS
describes the resonance characteristics by computing the short-term Fourier magni-
tude spectra [52]. The features had shown better performance in speech sentiment
analysis and pathology speech analysis [53, 54, 55].

Auditory-based features are proposed to simulate the clinical diagnosis. Schizophre-
nia is diagnosed by clinical doctors through a comprehensive evaluation of speech
and behaviors. Therefore, speech signals are necessary to be analyzed by combining
with human auditory characteristics. In this study, MFCC and its modification,
Gammatone cepstral coefficient (GTCC) [56], are applied to extract the spectrum
features. MFCCs and GTCCs are computed using a series of filters that are de-
signed according to the frequency response characteristics of the human auditory
system.

The spectral envelope feature is another type of acoustic features that are com-
monly used to describe the vocal tract characteristics in speech production. In this
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work, LP and its deformations, stabilized weighted linear prediction (SWLP) [57]
and extended weighted linear prediction (XLP) [58], are tested on the schizophrenia
speech dataset. SWLP is an improved WLP that is proposed to model speech by
applying the temporal weighting of the square of the residual signal [57]. XLP is a
further generation of the WLP analysis, which allows temporal weighting on a finer
time scale [58]. SWLP and XLP had performed well on the speech recognition tasks
and pathology speech detection [59, 60].

The overall performances of feature engineering and classifiers are listed in Table 4
using accuracy, precision, recall and F1-score. The bold font in Table 4 represents
the highest value in each type of features using different classifiers. It can be seen
that the fluency feature, spectrogram, GTCC and XLP achieve the highest F1-
score in its corresponding feature group. When compared the results in Table 3 and
Table 4, it can be seen that the proposed Sch-net have a better performance than
the models based on feature engineering and classifiers.

Time-domain feature
As shown in Table 4, the F1-score of schizophrenia speech detection using STE
reaches 0.6306. Owing to the difficulty in expressing for schizophrenia patients, the
intensity of schizophrenia speech tends to be lower than that of controls. The STE
feature can describe the intensity of speech, but it may be influenced by the different
distances between the recording equipment and speakers. Thus, the performance of
the STE feature is not as good as the fluency feature.

Though studies [28, 27, 26, 24] had proved that there are significant differences in
pitch between schizophrenia speech and normal speech, the pitch gains the worst
performance among time-domain features. The results are consistent with the views
in Rapcan et.al [26] and Chhabra et.al [33]. Results in [26, 33] demonstrated that
there are no significant differences in the distribution of pitch between the two
groups.

Fluency feature performs well on the schizophrenia speech detection, owing to
the thought disorder and language impairments of schizophrenia patients [61]. The
cognitive impairment also contributes to the incoherence of schizophrenia speech.

FFT-based spectral feature
The LTAS achieves 62.11% accuracy on the schizophrenia speech dataset. The LTAS
is calculated as the average of a spectrogram, reflecting the spectrum of glottal
source and vocal tract [62]. Studies [26] had shown that schizophrenia speech has
lower variations in energy than normal speech. The unexpected accuracy using
LTAS may be caused by the average operation that eliminates the differences in
variations between two groups.

The spectrogram achieves better performance than LTAS. It is the representation
of speech in the time-frequency domain. It not only contains the energy distribution
in frequency bands but also reflects the pitch and formant information. It has been
proved that schizophrenia speech have less variability in pitch and voice intensity,
smaller range of second formant than normal speech [28, 27, 26, 24]. Thus, the
spectrogram covers more effective features for discriminating schizophrenia patients
and controls than the LTAS does.
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Table 4 The performance of feature engineering and classifiers on schizophrenia speech detection

Classifier

Feature

Time-domain feature
FFT-based Auditory-based

Spectral envelope featurespectral feature spectral feature

STE Pitch
Fluency

LTAS Spectrogram MFCC GTCC LP SWLP XLPfeature

RF

Accuracy 0.7686 0.5935 0.8213 0.6464 0.8972 0.8043 0.8791 0.9245 0.9377 0.9423
Precision 0.6251 0.5847 0.8281 0.6052 0.8946 0.7818 0.8487 0.9055 0.9319 0.9282

Recall 0.7126 0.5754 0.8103 0.5545 0.9103 0.8577 0.9289 0.9549 0.9466 0.9644
F1-score 0.6306 0.6322 0.8133 0.5513 0.8972 0.8144 0.8856 0.9280 0.9391 0.9453

KNN
Accuracy 0.7723 0.5385 0.7390 0.7504 0.8974 0.8626 0.8753 0.9204 0.9287 0.9375
Precision 0.6410 0.5308 0.7050 0.6489 0.8566 0.8977 0.9043 0.8939 0.9117 0.9196

Recall 0.6063 0.5597 0.7985 0.6152 0.9636 0.8312 0.8494 0.9640 0.9549 0.9636
F1-score 0.6123 0.5382 0.7418 0.6211 0.9046 0.8591 0.8700 0.9257 0.9315 0.9398

SVM
Accuracy 0.7905 0.5172 0.7746 0.7358 0.9024 0.8625 0.8929 0.9164 0.9291 0.9334
Precision 0.6447 0.5087 0.7657 0.6556 0.8741 0.8555 0.8762 0.8980 0.9183 0.9126

Recall 0.5999 0.4767 0.7875 0.5435 0.9549 0.8929 0.9198 0.9470 0.9466 0.9636
F1-score 0.6155 0.4644 0.7627 0.5813 0.9091 0.8689 0.8960 0.9206 0.9317 0.9356

LDA

Accuracy 0.7858 0.5087 0.7452 0.7314 0.8385 0.8887 0.9198 0.9026 0.9069 0.9109
Precision 0.6447 0.4625 0.7083 0.6622 0.8053 0.9394 0.9479 0.8963 0.9053 0.8868

Recall 0.5898 0.5391 0.7522 0.5380 0.9095 0.8474 0.8933 0.9198 0.9111 0.9462
F1-score 0.6093 0.4710 0.7104 0.5821 0.8498 0.8807 0.9161 0.9060 0.9079 0.9146
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Auditory-based spectral feature
The GTCC achieves a better performance than MFCC on schizophrenia speech
detection task, which is caused by using different auditory filters. The MFCC is
computed based on a series of triangular bandpass filters with equal bandwidth.
The GTCC employs the Gammatone filters with equivalent rectangular bandwidth
to model the human auditory response [63]. It minimizes the loss of spectrum infor-
mation and increases the correlation among the outputs of Gammatone filters [63].
Therefore, the GTCC contains more effective information to detect schizophrenia
speech than the MFCC.

Spectral envelope feature
The F1-scores of schizophrenia speech detection using LP, SWLP and XLP are
above 0.9. The SWLP and XLP have slightly better results than LP. The results of
spectral envelop features are gained when the order of LP is set as 38. The order
is gained through experiments. Deller et.al [64] showed that vocal tract can be
modeled when the order ranges from 8 to 10 for healthy subjects. Dong et.al [65]
demonstrated that the LP order usually is higher to estimate pathological speech.
But if the order of LP is higher than 38, the unwanted contributions to the LP
spectrum would appear because of the excitation signal. Results in this work are
consistent with the conclusions in [64, 65].

Studies [28, 33] had shown that formant is an indicator to distinguish schizophre-
nia speech from controls. The LP reflects the characteristics of the vocal tract, such
as the frequency of formants. However, the LP analysis relies on the excitation
signal, which is influenced by the harmonics. The SWLP reduces the impact by
composing the temporal weights on the closed-phase interval of the glottal cycle
[60]. And the XLP improves the time scale on the spectral envelop by weighting
each lagged speech signal separately [60]. The SWLP and XLP highlight the formant
information that can be used to distinguish patients from controls.

Comparison with classic deep neural networks
To compare the performance of our model with other deep neural networks, in this
subsection, five networks (AlexNet [66], VGG16 [67], ResNet34 [68], DenseNet121
[69], and Xception [70]) are adopted to discriminate schizophrenia patients and con-
trols. The five deep neural networks are commonly used for speech recognition and
classification tasks [71, 72, 73, 74, 75]. AlexNet [66] is the winner of the ImageNet
Large Scale Visual Recognition Challenge in 2012, which reduces overfitting in the
FC layers using dropout. VGG16 [67] is a good architecture for benching on classi-
fication tasks, which has small filters and deep depth. ResNet34 [68] with residual
blocks was introduced to alleviate the degradation problem caused by increasing
stacked layers via adding shortcut connections. To reduce the impact on vanishing
gradient, the feed-forward fashion in the connection between each layer to every
other layer was used in DenseNet121 [69]. DenseNet also can strengthen the feature
propagation and reduce the number of parameters [69]. To obtain fast convergence
and good performance on the model’s expressive ability, Xception [70] replaces the
inception modules with depthwise separable convolutions in deep CNN. Table 5
lists the overall results of classifying schizophrenia speech and normal speech using
the five deep neural networks and our method.
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Table 5 The performance of schizophrenia speech detection using classic deep neural networks
and the proposed Sch-net

Network Accuracy Precision Recall F1-score
AlexNet [66] 0.9158 0.9491 0.8933 0.9156
VGG16 [67] 0.9423 0.9417 0.947 0.9418
ResNet34 [68] 0.9462 0.9686 0.9273 0.9447
DenseNet121 [69] 0.9599 0.9593 0.9636 0.9598
Xception [70] 0.9553 0.9433 0.9735 0.9565
Sch-net (our) 0.9776 0.9833 0.9727 0.9773

As shown in Table 5, the accuracies of schizophrenia speech detection using
AlexNet and VGG16 are 91.58% and 94.23%, respectively. The depth of AlexNet
and VGG16 is shallow, contributing to the insufficient information in feature maps.
ResNet achieves 94.62% accuracy on the schizophrenia speech dataset, owing to the
introduction of the residual module. DenseNet and Xception gain slightly higher
accuracies than ResNet, owing to the networks contains both the residual module
and effective algorithms to reduce the number of parameters. The proposed Sch-
net in this work achieves a marginally better performance than the five networks
because it can gain the local and global features simultaneously via CBAM and
skip connections. The feature map contains more abundant information to better
distinguish schizophrenia speech and controls.

Network visualization using Grad-CAM
In recent years, deep learning methods have already achieved high accuracy that
approaches the manual diagnosis accuracy in many fields through improving the
computing capabilities and expanding the dataset. It can simplify and speed up the
diagnosis, and reduce the workload of doctors. However, the process of generating
predicted labels from input data is still uninterpretable. To make the decision-
making process in deep learning transparent, this work applies the Grad-CAM [76]
to Sch-net using speech samples from schizophrenia group and healthy group. Grad-
CAM is a visualization method to show the importance of each neuron for the clas-
sification by using the gradient information in the last Conv layer [76]. Grad-CAM
heatmap shows the more effective parts for decision-making as brighter regions. We
attempt to consider how the Sch-net works on making good use of features, through
observing the spectrogram and activation maps. In this subsection, the input spec-
trogram and its corresponding activation map generated in the last Conv layer of
normal speech and schizophrenia speech are shown in Fig. 1.

In Fig. 1, spectrograms of normal speech and schizophrenia speech are shown in
(a) and (c), respectively. Activation maps of normal speech and schizophrenia speech
are depicted in (b) and (d). The brighter region in the spectrogram means more
energy concentrated, and that in the activation map means larger weight located.

As shown in Fig. 1(a) and (c), schizophrenia speech and normal speech have
different distributions of concentrated energy in the spectrogram. Through the hor-
izontal comparison, two findings of two groups can be seen in this figure, which can
be listed as follows:

1) The energy concentration in the frequency domain of schizophrenia speech is
almost below 5000Hz, while normal speech has a wider range of energy concen-
tration bands, that can be extended from 8000Hz to 10000Hz. Blunted affecting
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is a construct of negative symptoms in schizophrenia [77]. Schizophrenia patients
with negative symptoms may speak with a dull monotone voice [78], resulting in a
small range of the energy concentration region. While healthy controls have a more
flexible emotional expression. The angry, fearful and happy speech exhibit a higher
intonation, faster speed rate and more high-frequency energy [79]. And the sad
speech changes slowly and contains a small amount of higher-frequency energy [80].
Thus, normal speech has a wider range of energy distribution than schizophrenia
speech.

2) It can be seen that schizophrenia speech and normal speech both have concen-
trated energy region and apparent formant horizontal stripes in the low-frequency
bands below 2000Hz. The difference between the two groups is the shape of for-
mant horizontal stripes. For schizophrenia speech, the stripes are almost continu-
ous, which is inconsistent with the energy distribution characteristics of vowels and
consonants. The vowels have energy concentration in both low- and high-frequency
range [81]. The unvoiced consonants mainly have high-frequency energy compo-
nents, and it rarely has formants [82]. According to the texture used in this work,
the continuous-time speech signals has both vowels and consonants. Therefore, there
are supposed to show a short disappearance of formant horizontal stripes on the
spectrogram. It can be guessed that the continuous stripes in the spectrogram
of schizophrenia speech may be caused by the incorrect placement of articulators
during speech production. The wrong articulation process leads to the unvoiced
consonants are produced as voiced consonants.

Observing both the spectrogram and its corresponding activation map in Fig. 1,
it can be seen that the Sch-net can capture the features in high-frequency bands for
normal speech, and can give larger weights to low-frequency bands for schizophrenia
speech. The results of Sch-net are consistent with human visual perception, which is
difficult to achieve using the models based on feature engineering. The Sch-net has
excellent learning ability to extract features, and it achieves better performances on
schizophrenia speech detection than traditional feature engineering models adopted
in this work.

Further validation of the proposed Sch-net using LANNA children speech database
Schizophrenia is a neurodevelopmental disorder affecting the language expression
of patients [83]. Specific Language Impairment (SLI), also termed development dys-
phasia, is described as a neurological disorder of the brain [84, 85, 86, 87]. Chil-
dren with SLI exhibit delayed language acquisition [88], slower linguistic processing
[89], and difficulties in grammar or specific subcomponents of grammar [90, 91].
To further validate model effectiveness and generalization, the Sch-net is tested on
LANNA children speech database [92] for the classification of children with SLI and
healthy controls in this subsection.

LANNA children speech database [92] is the first and only publicly open speech
corpora for children with SLI, which comprises 2173 speech signals from 54 children
with SLI (aged from 6 to 11 years) and 1680 speech signals from 44 controls (aged
from 6 to 10 years). This dataset is composed of 13 parts: vowels, consonants,
syllables, six types of words, sentences, auditory differentiation, and description of
the picture. Audios were recorded in a schoolroom and a consulting room using
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Dictaphone, MD and microphone. The background noise in natural environments
affects the quality of speech signals, leading to difficulties in speech signal processing.

Previous studies [92, 93, 94, 95, 96, 97, 98] had demonstrated that speech can be
viewed as a symbol of diagnosing SLI. In [92, 93, 94], 1582 acoustic features were ex-
tracted from 34 low-level descriptors and its 21 statistical functionals. The features
were given as input to SVM, achieving 96.94% accuracy on the LANNA children
speech database. In[95], Gaussian posteriorgrams trained on MFCC features were
employed to discriminate children with SLI and healthy controls. The kernel ex-
treme learning machine trained with the speech signals, and it outperformed an
accuracy of 99.41% on the test data. Apart from MFCC, in [96], Tonnetz and
Chroma were calculated, combined with SVM, RF and Recurrent Neural Network
to detect SLI. The Tonnetz and Chroma reached accuracies of 70% and 71%, re-
spectively. In the four studies [92, 93, 94, 95, 96], high accuracies had been achieved
for speaker-dependent classification.

In contrast, some methods were proposed for speaker-independent classification in
[97, 98]. The top-20 LPC features were selected from 408 LPCs using Mann-Whitney
U-test and Spearman’s correlation in [97], and it achieved an accuracy of 97.90% on
the SLI detection task. In [98], glottal features were combined with MFCCs, using a
feed-forward neural network to reach 98.82% accuracy for classifying children with
SLI and healthy controls.

In this subsection, five-fold cross-validation is employed. SLI dataset is divided
with 80% for training and 20% for testing. Table 6 gives the classification results of
children with SLI and controls using state-of-the-art methods, deep neural networks
and the proposed Sch-net. As can be seen, our method outperforms the classic deep
neural network and state-of-the-art methods. The proposed Sch-net can extract
discriminant features of speech signals for classifying healthy children and those
suffered from SLI.

Table 6 The results of SLI detection using state-of-the-art methods, classic deep neural networks
and the proposed Sch-net

Method Accuracy Precision Recall F1-score

State-of-the-art method

Grill [92, 93, 94] 0.9694 1.0000 0.9474 0.9730
Ramarao [95] 0.9941 - - -
Slogrove [96] 0.9800 0.9900 0.9900 0.9900
Sharma [97] 0.9790 - - -
Reddy [98] 0.9882 - - -

Deep Neural Network

AlexNet 0.9132 0.9585 0.8810 0.9181
VGG16 0.9230 0.9897 0.8787 0.9309
ResNet34 0.9329 0.9489 0.9286 0.9386
DenseNet121 0.9461 0.9397 0.9643 0.9518
Xception 0.9622 0.9514 0.9863 0.9685
Schnet (our) 0.9952 0.9979 0.9937 0.9958

Conclusions
In this work, we propose an effective end-to-end schizophrenia speech detection
model, termed Sch-net, which is designed based on CNN. The Sch-net is performed
by using a set of convolutional layers. The global and local features are learned by
using skip connections, and the effective features are highlighted by using CBAM. In
the experiments, the Sch-net is verified through ablation studies. The comparisons
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with the models based on feature engineering and classic deep neural networks
are conducted on a schizophrenia speech dataset that containing 28 schizophrenia
patients and 28 healthy controls. The experimental results show that the Sch-net
has achieved 97.76% accuracy. In addition, we visualize how the model performs
on extracting features given an input spectrogram. The Grad-CAM heatmaps show
the region that the Sch-net focuses on is consistent with human visual perception.
Finally, the proposed method is further validated on open access LANNA children
speech database, achieving higher accuracy than state-of-the-art methods.

Methods
In this work, we have developed an Sch-net based on CNN to classify schizophrenia
speech and normal speech. The architecture of the proposed model is depicted in
Fig. 2. The input is the spectrogram containing time-frequency domain information
of speech signals. There are 12 convolutional (Conv) layers, 6 pooling layers, skip
connections, an attention module and a fully-connected (FC) layer. The FC layer
is composed of two hidden layers. A softmax function is employed to the output of
the FC layer, and the output of the softmax is the classification result of speech
samples. The backbone network of Sch-net and two essential components in Sch-net
(skip connections and CBAM) are described below.

Backbone network of Sch-net
The backbone network of Sch-net shown in Fig.3 is consisted of Conv layer, pooling
layer, batch normalization (BN) component, rectified linear unit (ReLU) and FC
layer. When spectrogram is given as the input of Sch-net, local features in spectro-
gram are extracted via Conv layer. The dimension of features and the amount of
computation are reduced in the pooling layer via max-pooling [37]. As the number
of hidden layers increases, the network would suffer from the gradient vanishing
and exploding problems. To address these problems, the BN layer and ReLU acti-
vation function are adopted. The introduction of BN components can also speed up
the convergence, cut down the regularization process, and enable training with a
larger learning rate [38, 39]. ReLU is a typical activation function in deep learning,
which works better than sigmoid and tanh activation functions in speech recog-
nition tasks [40, 41]. It removes the negative values in the feature map and sets
the positive values in the feature map as linear function [42]. The networks can
be trained effectively using the ReLU even without pre-training [43]. At the end
of the network, the FC layer and softmax function are employed to achieve the
classification task. The FC layer is essential to the visual representation transfer
in classification tasks [44]. Each node in the FC layer is connected to all activation
values in the previous layers.

Skip connections
The backbone network of Sch-net can extract the local features in spectrogram via
shallow layers and max-pooling operation. There is no evidence that schizophrenia
patients have a special pattern in pronunciation or schizophrenia speech has promi-
nent local acoustic features. Thus, global features are supposed to be extracted for
schizophrenia speech detection. To retain more original and global information in
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the input feature map, average-pooling operation and skip connections are added
to the backbone network of Sch-net. Average pooling considers all the values in the
batch that has an equal size with the pooling kernel. Skip connection allows the
feature map to skip some layers in the neural network and merge with high-level
feature maps [45]. This connection combines the features after max-pooling and
average-pooling, superimposed into a feature. Skip connections expand the dimen-
sions of features in the network, providing more information for the classification
task. The diagram of the backbone network of Sch-net with skip connections is
given in Fig.4.

Attention mechanism
The output of skip connections contains low-level and high-level features. To empha-
size the meaningful features and suppress the unnecessary ones for the classification
task, the attention module is added to the backbone network. The output in the
attention module is calculated as the weighted sum of the input values [46]. The big-
ger weights mean the more attention would be paid to the input vector. This work
adopts a lightweight and general module, CBAM [47], to improve the performance
of the network. The CBAM is composed of channel and spatial attention modules
[47]. The channel attention module focuses on “what” is the effective part in the
feature map by utilizing max-pooling and average-pooling with a shared network
[47]. The spatial attention module tells “where” to focus or suppress by employing
a convolutional layer [47]. The CBAM used in Sch-net can effectively refine the
intermediate feature map with negligible computation and overheads.
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Figure 1 The spectrogram and corresponding activation map of normal speech and schizophrenia
speech in four emotions. (a) The spectrogram and corresponding activation map of normal speech
and schizophrenia speech in calm emotion. (b) The spectrogram and corresponding activation
map of normal speech and schizophrenia speech in anger emotion. (c) The spectrogram and
corresponding activation map of normal speech and schizophrenia speech in fear emotion. (d) The
spectrogram and corresponding activation map of normal speech and schizophrenia speech in
happiness emotion.
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Figure 2 The architecture of Sch-net for automatic schizophrenia speech detection
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Figure 4 The diagram of the backbone network + skip connections of Sch-net



Figures

Figure 1

The spectrogram and corresponding activation map of normal speech and schizophrenia speech in four
emotions. (a) The spectrogram and corresponding activation map of normal speech and schizophrenia
speech in calm emotion. (b) The spectrogram and corresponding activation map of normal speech and
schizophrenia speech in anger emotion. (c) The spectrogram and corresponding activation map of
normal speech and schizophrenia speech in fear emotion. (d) The spectrogram and corresponding
activation map of normal speech and schizophrenia speech in happiness emotion.
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The diagram of the backbone network of Sch-net
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The diagram of the backbone network + skip connections of Sch-net


