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Abstract. Mining potential biomarkers of schizophrenia (SCZ) while
performing classification is essential for the research of SCZ. However,
most related studies only perform a simple binary classification with
high-dimensional neuroimaging features that ignore individual’s unique
clinical symptoms. And the biomarkers mined in this way are more sus-
ceptible to confounding factors such as demographic factors. To address
these questions, we propose a novel end-to-end framework, named Dual
Spaces Mapping Net (DSM-Net), to map the neuroimaging features and
clinical symptoms to a shared decoupled latent space, so that constrain
the latent space into a solution space associated with detailed symptoms
of SCZ. Briefly, taking functional connectivity patterns and the Positive
and Negative Syndrome Scale (PANSS) scores as input views, DSM-
Net maps the inputs to a shared decoupled latent space which is more
discriminative. Besides, with an invertible space mapping sub-network,
DSM-Net transforms multi-view learning into multi-task learning and
provides regression of PANSS scores as an extra benefit. We evaluate
the proposed DSM-Net with multi-site data of SCZ in the leave-one-
site-out cross validation setting and experimental results illustrate the
effectiveness of DSM-Net in classification, regression performance, and
unearthing neuroimaging biomarkers with individual specificity, popula-
tion commonality and less effect of confusions.
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1 Introduction

Schizophrenia (SCZ) is one of the most disabling psychiatric disorders worldwide.
Nevertheless, the complex etiologic and biological underpinnings of SCZ have
not been completely understood. In addition, the current diagnosis still relies on
consultation performed by qualified psychiatrists, lacking objective biomarkers.

To shed light on the pathogenesis of SCZ and further establish objective diag-
nostic criteria, large-scale related studies have been done, falling broadly into
statistics based group-level and classification based individual-level researches.
As group-level studies cannot do inference at the individual level, increasing
researches shift attention to individual-level analysis, mainly based on machine
learning algorithms [6,12]. Almost all of these studies regard the patients with
SCZ and healthy controls as two homogeneous classes and perform simple binary
classification. In fact, there are some commonly used clinical scales that provide
crucial information in clinical practice. For example, the Positive and Negative
Syndrome Scale (PANSS) [5], a well-established assessment of SCZ psychopathol-
ogy, is commonly used to assess individual symptoms such as delusions and hallu-
cinations. However, this detailed information has often been ignored in previous
neuroimage-based classification studies [7,12]. This neglect hinders the adoption
of these methods in clinical practice.

Given the current understanding of mental illness as abnormalities in func-
tional connectomics [8], functional connectivity, the pairwise Pearson’s corre-
lation between pre-defined brain areas, extracted from resting-state functional
magnetic resonance imaging (rs-fMRI) is widely used in the studies of SCZ [6,12].
It was hoped that fMRI would lead to the development of imaging-based
biomarkers and objective diagnosis. However, due to the high-dimensional prop-
erty of functional connectivity and the complex etiology of SCZ, the biomarkers
discovered based on simple binary classification are more susceptible to con-
founding factors such as demographic or other unidentified irrelevant factors.
Besides, the analysis of biomarkers mined in this way in previous studies was
performed at group level to a certain degree that only considered consistent
features among patients. Focusing on the common biomarkers hinders further
exploration of the heterogeneity of SCZ and precision psychiatry.

Taking all of the above challenges into account, we introduce PANSS as a
constraint view to constrain the solution space. Specifically, we take functional
connectivity and PANSS as two input views and map these two feature spaces
to a shared decoupled latent space via the proposed Dual Space Mapping Net
(DSM-Net). Based on invertible blocks, the multi-view learning task can further
be formed as a general multi-task learning process with functional connectivity as
the only input feature sets so as to provide the extra regression of PANSS scores.
Thus, we can optimize the classifier of SCZ, the regressor of PANSS scores, and
the decoupling constraint of latent space simultaneously. Applying DSM-Net to
a large-scale multi-site SCZ dataset in the leave-one-site-out cross validation set-
ting, we improved the classification accuracy to 84.33% and provided regression
of the PANSS scores which is important for clinical practice but often overlooked
in similar studies. Besides, with the good interpretability and clinical symptom
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constraint, DSM-Net mined potential biomarkers with group commonality and
individual specificity which are meaningful for precision medicine.

The contribution of this paper is summarized as follows: (1) Within the pro-
posed DSM-Net, the dual space mapping sub-networks mapped functional con-
nectivity and PANSS to a shared decoupled space which is more discriminative
and contains more relevant information about SCZ; (2) Benefit from the invert-
ible mapping sub-network, we transformed multi-view learning into a general
form of multi-task learning and additionally obtained the clinically meaningful
regression of PANSS; (3) Considering individual’s unique symptoms, the pro-
posed DSM-Net unearthed neuroimaging biomarkers with individual specificity,
population commonality, and less effect of confusion.

2 Method

In order to overcome the shortcomings of ignoring detailed symptoms and the
existence influence of confounding factors caused by simple binary classifica-
tion with high dimensional input, we constrain the solution space with the pro-
posed novel multi-view learning framework DSM-Net, as shown in Fig. 1(a).
Denote X = [x1,x2, ...,xn ]T ∈ R

n×d as the functional connectivity matrix
for all subjects, where d is the feature dimension of functional connectiv-
ity for each sample and n is the number of subjects. Similarly, we denote
S = [s1, s2, ..., sn ]T ∈ R

n×m and Y = [y1, y2, ..., yn]T ∈ R
n as the associated

PANSS score matrix and label vector respectively, where m is the dimension
of PANSS scores for each sample, yi ∈ {0, 1} is the associated class label (i.e.,
healthy control or SCZ), and si is the PANSS score vector of the i-th subject.

Within DSM-Net, we try to map X in space X to Z in the shared latent
space Z with the constraint that bidirectional mapping can be realized between
space S and Z. And then perform the classification task in this latent space Z. In
particular, inspired by soft CCA [2], we additionally introduce a decorrelation
loss to further constrain space Z as a decoupled space which is theoretically
possible to obtain more information capacity. In the rest of this section, we will
cover the details of the proposed DSM-Net.

2.1 Invertible Block Based Dual Space Mapping

Due to the interpretability [13] and reversibility of invertible block, we adopt
invertible block as the main component of DSM-Net. Invertible block proposed
by Gomez et al. [4] can fully recover the input from the output, as illustrated in
Fig. 1(b). In the forward computation, invertible block divides the input x ∈ R

d

into two parts: x(1) ∈ R
d/2 and x(2) ∈ R

d/2 of the same size. With input x and
output o, the forward and backward computation formed as using Eq. 1. In order
to ensure that the input x can be recovered from the output o, the dimension
of x and o must be the same. As there are no additional constraints, F and G
can be any arbitrary function.{

o(2) = x(2) + F (x(1))
o(1) = x(1) + G(o(2))

{
x(1) = o(1) − G(o(2))
x(2) = o(2) − F (x(1))

(1)
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Fig. 1. Overview of the proposed dual space mapping scheme. (a) Our proposed DSM-
Net architecture. Both f1(·) and f2(·) are composed of two invertible blocks in series,
f3(·) is a linear projection transformation, and θ1, θ2 and θ3 are their parameters. By
concatenating f1(·) and f3(·), we can map X to Z in the latent space Z and S is
mapped to this share latent space by f2(·). Then we can perform the SCZ classification
task on the learned latent space Z. The network is optimized by the combination of
constraints of space Z and classification objective. (b) Invertible Block. (c) A typical
form of multi-view learning.

As shown in Fig. 1(a), DSM-Net consists of four parts: two space mapping sub-
networks f1(·) and f2(·), a linear projection transformation function f3(·), and
a linear classifier g(·), where f1(·) and f2(·) are both made up by two invertible
blocks. Because f1(·) is invertible (H = f1(X),X = f−1

1 (H)), H and X in
the same dimension contain the same amount of information. Similarly, this
relationship also exists between Z and S as Z = f2(S), S = f−1

2 (Z). Therefore, H
contains much more information compared to Z since H contains all information
that can be inferred from fMRI but only schizophrenia-related information is
stored by Z. In order to align these two mapped spaces, a fully-connection (FC)
layer is used to form a projection transformation function, Z = f3(H). This
dimensionality reduction can effectively eliminate confounding variables as only
the information related to Z in H is retained in this process. And the SCZ
classification task can be formed as

ŷi = g(f3(f1(xi))). (2)

Transformation from Multi-view to Multi-task Learning. For a general
multi-view learning task, the usual approach is to optimize the L2 loss between
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z1 and z2 mapped from different views where z1 = f3(f1(x)) and z2 = f2(s) as
shown in Fig. 1(c). Because there is a one-to-one mapping between the input S
and the associated output Z2 as f2(·) is invertible, the constraints of output space
Z2 can be transformed into the input space S intuitively. Specifically, because
z2 = z1 + ε1 and s+ ε2 = f−1

2 (z1), the space mapping alignment loss L2 which
minimizes ε1 can be softly replaced by a mean square error (MSE) regression loss
LReg of si to minimize ε2 for the i-th subject. In this way, the general multi-view
learning degenerates to a general form of multi-task learning with a single input
view, bringing the predicted PANSS scores as an extra benefit, formed as Eq. 3.

ŝi = f−1
2 (f3(f1(xi))) (3)

Mining Biomarkers. The discovery of biomarkers is very important for deep-
ening the understanding of SCZ. To dig this valuable information, we combine
multiple linear transformations and invertible blocks. Specifically, we combine
the projection transformation f3(·) and the classifier g(·) into a linear classifier,
since they are both linear function and are connected in series, with the weight
vector written as w and the bias written as b:

ŷi = g(f3(f1(xi))) = g(f3(hi)) = 〈w,hi〉 + b. (4)

Absorbing the spirit of the interpretation method for invertible block based
networks [13], we next calculate the mapped data hi using hi = f1(xi) and
calculate its projection onto the decision boundary as

h
′
i = hi − 〈 w

‖w‖2 ,hi〉 w

‖w‖2 − b
w

‖w‖2 . (5)

Then map the projection h
′
i to the original input space using x

′
i = f−1

1 (h
′
i).

Finally, we use Eq. 6, where ⊗ is element-wise product, to define the importance
of each feature of xi in this classification task.

importance = |∇g(f3(f1(xi))) ⊗ (xi − x
′
i)| (6)

2.2 Objective Function

Decoupling Constraint. To make full use of the low-dimensional latent space
Z, we further introduce a decoupling loss as a constraint. As Z ∈ R

n×k and
the rank of a matrix reflects its maximal linearly independent dimension, if
the rank of Z is equal to its dimension, the learned shared latent space Z will
obtain the maximum representation capacity under the constraint of a given
number of dimensions. Based on the fact that if the two vectors are orthogonal,
then they must be linearly independent, and at the same time, for the sake of
computational efficiency, we introduce a semi-orthogonal constraint [2] instead of
maximizing the kernel norm to practice this idea. To this end, we first normalize
Z to unit variance, denoted as Znorm. And then calculate its covariance matrix Σ
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with Eq. 7. LDec penalizes the off-diagonal elements of Σ to decorrelate features
in the latent space.

Σ = ZT
normZnorm (7)

To adapt the mini-batch gradient descent algorithm, LDec can be formed as

LDec =
∑
i�=j

|Σ̂i,j |, (8)

where Σ̂ is a running average of Σ over batch.

Combination of Multiple Loss Functions. In order to improve the classifica-
tion accuracy of SCZ and obtain potential biomarkers with group commonality
and individual specificity simultaneously, the proposed DSM-Net is optimized
by the combination of classification objective and constraints of latent space as
follows:

L = LCla + λLReg + γLDec, (9)
where LCla is the cross-entropy loss between yi and ŷi , LReg is the MSE regres-
sion loss between si and ŝi , and LDec is the decoupling constraint of learned
latent space. λ and γ are both set to 0.05 during training.

3 Experiments

3.1 Materials and Preprocessing

In this work, we report on rs-fMRI collected from seven sites with three types
of scanners (three sites with 3.0 T Siemens Trio Tim Scanner, one site with
3.0 T Siemens Verio Scanner and the other three sites with 3.0 T Signa HDx
GE Scanner). The 1061 participants used in this work, including 531 patients
with SCZ (27.80 ± 7.13 years, 276 males) and 530 healthy controls (28.43 ± 7.21
years, 270 males), were recruited with the same recruitment criterion. The SCZ
patients diagnosed by experienced psychiatrists were evaluated based on the
Structured Clinical Interview for DSM disorders (SCID) and fulfilled the DSM-
IV-TR criteria for SCZ. The symptom severity of the patients was measured
with the PANSS assessment.

The scan parameters of rs-fMRI are as follows: TR = 2000 ms, TE = 30 ms,
flip angle = 90◦, voxel size = 3.44 × 3.44 × 4 mm3 and FOV = 220 × 220 mm2.
The preprocessing pipeline performed with BRANT [11] includes six steps: (1)
discarding the first 10 timepoints; (2) slice timing correction, head motion cor-
rection, and registration; (3) resampling to 3×3×3 mm3 voxel size; (4) regress-
ing out averaged tissue time series and motion-related temporal covariates; (5)
0.01 Hz–0.08 Hz band-pass filtering and smoothing with a 6×6×6 mm3 Gaussian
kernel; (6) extracting mean time series of each brain nodes defined by the Human
Brainnetome Atlas [3] and calculating functional connectivity. After that, we get
the functional connectivity as one input view of length 246×245/2 = 30135, and
take the vectorized PANSS (including 30 items) as the other input view. Each
score of PANSS is rated on a scale of 1 to 7. For the healthy controls, we set all
their PANSS scores to 1, indicating no corresponding symptoms.
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3.2 Results of Classification and Regression

Each space mapping sub-network has two invertible blocks and the F and G in
each block are FC-ReLU-FC-ReLU. For f1(·), the first FC layer maps the half
of the input vector from the original dimension (�30135/2	 = 15068) to 1024
and the second FC layer maps the 1024 dimensional vector to 15068. The first
and second FC layers of f2(·) map PANSS score vector from 15 (30/2 = 15) to
64 and 15 in series. The model is trained with Adam optimizer for 100 epochs
with learning rate η = 1.0 × 10−3 and decay rate set to 0.5 every 10 epochs.
And all methods are validated by leave-one-site-out cross validation. We com-
pare DSM-Net with the Invertible-Net which is most related to our work, and a
general multi-task DNN model which replaces all invertible blocks of DSM-Net
with FC layers at the expense of a certain degree of interpretability. As shown
in Table 1, in addition to the classification task, DSM-Net has learned to pre-
dict PANSS scores. Besides, compared with Invertible-Net, DSM-Net without
decoupling constraint has no obvious improvement on the classification metrics
except for a significant difference in the number of potential biomarkers which we
will show in Sect. 3.3. We deem that introducing PANSS scores only constrains
the solution space to exclude some irrelevant information without introducing
additional information and does not change the representation capability of the
baseline network. So, the classification metrics are close. However, after intro-
ducing the decoupling constraint on the learned latent space, which increases
the representation capability, the classification accuracy has been improved to
84.33%, while the other metrics have been improved to varying degrees. More-
over, the decorrelation constraint reduces the regression error of the PANSS
scores, i.e. MSE and normalized mean square error (NMSE), considerably.

Table 1. Leave-one-site-out cross-validation performance of classification of SCZ and
regression of PANSS scores.

Method Classification Regression

Accuracy Sensitivity Specificity F1 Score MSE NMSE

Invertible-Net [13] 82.78± 3.11 82.70± 5.51 83.53± 5.67 82.56± 4.05 – –

Multi-task DNN 83.43± 2.96 83.98± 5.49 83.60± 5.09 83.33± 3.84 2.03± 0.44 0.35± 0.03

DSM-Net w/o LDec 82.72± 3.36 82.80± 5.00 83.53± 6.21 82.52± 4.35 1.81± 0.30 0.32± 0.03

DSM-Net (ours) 84.33± 2.49 84.99± 4.89 84.02± 4.87 84.20± 3.68 1.52± 0.25 0.27±0.02

3.3 Biomarker Discovery

As the DNN model with high-dimensional input lacks good interpretability, we
compare the potential biomarkers mined by the other three models. According
to the importance of each connection, we select the top 50 connections of each
individual and take their union to form a potential biomarker collection for each
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site. The average number of connections in the collections of seven sites is 99.14
without introducing PANSS as a constraint view. However, using PANSS as a
constraint view reduces the average number of potential biomarkers to 62.14. The
details are shown in Fig. 2(a). In terms of reducing the number of mined poten-
tial biomarkers while improving the performance of classification and regression
tasks as shown in Table 1, DSM-Net effectively reduces the number of mined
confounding variables.

Then we define a common index of each potential biomarker according to the
frequency they appear. In detail, the common index of connection i is formed
as ci = ni/N , where ni represents the number of occurrences of connection i, N
represents the number of participants in this site and ci ∈ [0, 1]. If ci is closer to
1, the corresponding functional connection is more common among patients; on
the contrary, if ci is closer to 0, the connection is more specific and the possibility
of being a confounding variable is greater. Take one site as an example, there are
143 participants in this site and the potential biomarker collection of this site has
61 connections shown as Fig. 2(b). The more common connections (ci ≥ 0.95,
shown with solid lines) are mostly among the frontal lobe, temporal lobe, and
subcutaneous nuclei. And the more specific connections (ci < 0.95, shown with
dashed lines) are mostly related to the parietal lobe, insular lobe, and limbic
lobe. In particular, we found that the more common connections are widely
reported [1,10], whereas the more specific connections are reported relatively
infrequently within group-level studies. And this is in line with the characteristic
of group-level studies that tend to ignore individual-specific markers. Moreover,
we mapped the mined biomarkers to Yeo 7-Network Solution Networks [9] and
found that the connections are clearly concentrated in the limbic network and
subcutaneous nuclei.

(a) (b)

Biomarkers in structure Biomarkers in Yeo 7-network

Fig. 2. Result of biomarker discovery. (a) The number of potential connections in the
collection for each site; (b) Mined potential biomarkers of site 7.

4 Conclusion

Although PANSS provides individual-level symptoms and reflects clinical hetero-
geneity of SCZ patients, most previous studies ignored this information and only
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performed simple binary classification task, which resulted in the inexhaustible
extraction of related information and the vulnerability to confounding factors.
To address these questions, we propose a novel multi-view learning framework
DSM-Net with good interpretability to classify SCZ. The DSM-Net extracts a
more detailed representation of SCZ through mapping functional connectivity
features and PANSS scores to shared latent space. And the decoupling con-
straint on the solution space further improves the representation capability of
the proposed framework. We empirically show that the DSM-Net can effectively
improve the classification accuracy and reduce the probability of mining con-
founding biomarkers. Besides, the framework unifies multi-view and multi-task
learning to a certain extent. By transforming multi-view learning into multi-task
learning, the DSM-Net can generate predicted PANSS scores as an extra ben-
efit. It should be noted that the regression of PANSS scores for each patient is
important for improving the credibility of the model and valuable for clinical
practice but often overlooked in classification-based studies. Moreover, with the
good interpretability of the DSM-Net, we defined common or individual-specific
potential biomarkers driven by the adopted data which is desirable to precision
psychiatry. It is hoped that this framework and the results are meaningful to
precision psychiatry and may provide a new research perspective for the study
of SCZ or other mental illness at the individual level.
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