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Abstract

The human brain has a complex, intricate functional architecture. While many stud-
ies primarily emphasize pairwise interactions, delving into high-order associations
is crucial for a comprehensive understanding of how functional brain networks
intricately interact beyond simple pairwise connections. Analyzing high-order
statistics allows us to explore the nuanced and complex relationships across the
brain, unraveling the heterogeneity and uncovering patterns of multilevel overlap on
the psychosis continuum. Here, we employed high-order independent component
analysis (ICA) plus multivariate information-theoretical metrics (O-information
and S-information) to estimate high-order interaction to examine schizophrenia us-
ing resting-state fMRI. The results show that multiple brain regions networks may
be altered in schizophrenia, such as temporal, subcortical, and higher-cognitive
brain regions, and meanwhile, it also shows that revealed synergy gives more
information than redundancy in diagnosing schizophrenia. All in all, we showed
that high-order dependencies were altered in schizophrenia. Identification of these
aberrant patterns will give us a new window to diagnose schizophrenia.

1 Introduction

Schizophrenia is a major psychotic disease that severely affects people’s quality of life, and it
is usually characterized by delusions, hallucinations, disorganization, and unusual behavior. The
pathogenesis behind schizophrenia is complex, multifaceted, and involves multiple brain regions,
and previous studies have shown that pair-wise functional connectomics is altered as one of the
features of schizophrenia [1–4]. However, pair-wise functional connectomics will not capture multiple
network statistical relationships and will ignore some high-order functional interactions that may
play an important role in its use as a biomarker for schizophrenia [5–7]. The related studies have
shown that multivariate mutual information can be used as a high-order functional connectivity
descriptor and applied to the diagnosis of psychotic disorders [8–14]. Therefore, in this study, we
hypothesize that aberrant high-order dependencies are present in schizophrenia, and we investigate
this using high model-order independent component analysis (ICA) plus information-theoretical
metrics (O-information and S-information) to estimate high-order brain network interaction to
examine schizophrenia using resting-state fMRI (rsfMRI).
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2 Materials and Methods

2.1 rsfMRI Dataset

The total dataset of 1004 subjects from the Bipolar and Schizophrenia Network for Intermediate
Phenotypes (BSNIP) consortium [15] (including 502 subjects in typical controls and 502 subjects
diagnosed with schizophrenia) used in this work was obtained by using 105 intrinsic connectivity
network (ICN) (see Appendices, in Fig. 3) time courses derived from a multi-spatial-scale, spatially
constrained ICA approach, and this allows generalizability and comparability of findings across
studies. The shape of the time course is [T, 105], where T is the number of time points that are
different between subjects [16]. The rsfMRI preprocessed steps as shown in Fig. 1: (a.) Quality
control was applied to identify high-quality data. (b.) Each subject’s rsfMRI data were preprocessed
using a common procedure, including rigid body motion correction, slice timing correction, and
distortion correction. (c.) Preprocessed subject data were registered into a common space, resampled
to 3mm3 isotropic voxels, and spatially smoothed using a Gaussian kernel with a 6mm full width at
half-maximum. (d.) We used a multi-spatial-scale template of 105 ICNs obtained from 100k+ subjects
and a constraint ICA approach to obtain subject-specific ICN time courses, and they were cleaned
using a common standard. (e.) The estimated 105 intrinsic connectivity networks are categorized
into visual (VI), cerebellar (CB), temporal (TP), subcortical (SC), somatomotor (SM), and higher
cognitive (HC) groups for the next information theory analysis.

2.2 Information-Theoretical Analysis

The Total Correlation (TC) and Dual Total Correlation (DTC) describe the dependence among n
variables and can be considered as a non-negative generalization of the concept of mutual information
from two parties to n parties. Let the definition of total correlation due Watanabe [17] be denoted as:
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where H(Xi) denotes marginal entropy, and H(X1, · · · , Xn) represents joint entropy. Analogously
with TC, DTC can be defined as [18],
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where X [n]\i = {X1, · · · , Xi−1, Xi+1, · · · , Xn}, i.e., the set of all variables excluding Xi. From
these definitions in Eqs. 1, 2, if all variables are independent, both TC and DTC will be zero.

From the TC and DTC, we get O-Information and S-Information, which capture the overall balance
between redundant and synergistic high-order dependencies in multivariate system [19].

The O-Information of a set of n random variables Xn can be get as,
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The S-Information of a set of n random variables can be calculate as,
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if TC > DTC or Ω > 0, the system corresponds to redundancy-dominated dependencies, and
in the other way around, DTC > TC or Ω < 0, the system corresponds to synergy-dominated
dependencies [19].
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Figure 1: Flowchart of capturing high-order dependencies among brain connectivity states. A. Group
ICA is performed on two independent healthy control and schizophrenia datasets, and corresponding
105 spatial network maps and time courses are extracted from each subject. B. The estimated
independent components are matched with the NeuroMark_2.1 template [16] based on spatial
correlation, and then all components are categorized into six groups, i.e., VI, CB, TP, SC, SM, and
HC. C. The BOLD signal from independent components matches a multivariate Gaussian distribution
and related high-order (i.e., interaction order: 3, 4, 5) information measures with O-information and
S-information.

Consider the fMRI signal as a Gaussian distribution, as shown in Fig. 1C, and for a univariate Gaussian

random variable X ∼ N (µ, σ), the entropy (given in nats) will be HN (X) =
ln(2πeσ2)

2 , and for
a multivariate Gaussian distribution, the joint entropy will be HN (
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From [20], the Eq. 3, 4 will be changed to,
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N (

X1, · · · , Xn
)
= (2− n)TCN (

X1, · · · , Xn
)
+

n∑
i=1

TCN
(
X [n]\i

)
(6)

By referencing Eqs. 3, 4, 5, and 6, all the metrics described above can be computed, i.e., TC, DTC,
O-information and S-information for multivariate Gaussian variables.

3 Results and Discussion

The low-order functional connectivity (LOFC), based on pairwise Pearson correlation in healthy
control subjects(HCS) and schizophrenia patients (SCS), is illustrated in Fig.2 and Fig.4 (see Appen-
dices). We see that major aberrant brain network interaction happened between visual-somatomotor
and temporal-high cognitive brain areas, and it reflects that three brain networks, such as visual,
somatomotor, and higher cognitive, may be altered in the SCS.

Figure 2: Comparison of low-order functional connectivity (LOFC) and high-order functional
connectivity (HOFC) between HCS and SCS . The top row shows that LOFC and the main difference
present a pair-wise interaction between VI-SM and TP-HC. The bottom row presents the HOFC with
redundancy and synergy information-theoretic measures made from HCS and SCS, and the HOFC
not only captures redundancy information but also synergy information in the human brain, and with
interaction order increasing, we see that more difference is captured by the HOFC.

In high-order functional connectivity (HOFC), both the integration and segregation of brain informa-
tion networks are depicted using multivariate information theory measures (in Fig. 2). The analysis
reveals that redundancy information is predominantly distributed across the brain regions of both
SCS and HCS, with interaction order gradually increasing. Notably, it captures more aberrant brain
networks, including TP, SC, and HC brain regions. This observation may imply the involvement of
these brain regions in schizophrenia patients. Moreover, synergy information was also uncovered by
HOFC, and it showed that synergy information plays a more important role than redundancy in SCS,
and it may suggest that synergy is mainly aberrant in SCS, as it can be a biomarker for diagnosing
SCS.

However, there are still some limitations, and the next step would be to dig into specific independent
component networks and see which independent component networks mainly contribute to the SCS.
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Second, explaining the role of redundancy and synergy in the SCS and how to properly explain them
from a neurophysics perspective.
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4 Appendices

4.1 Independent Component Networks

Total of 105 independent component networks identified from multivariate spatially constrained ICA
are shown in Fig. 3.

Figure 3: A total of 105 independent component networks are presented on the overlay brain volume,
and different colors refer to each independent component network. Each component is also displayed
separately.
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4.2 Low-Order Functional Connectogram

The low-order functional connectivity estimated for 105 independent component networks, and
we applied the diffusion embedding algorithm [21] to cluster the related independent component
networks.

Figure 4: Comparison of clustering low-order functional connectivity (LOFC) between healthy
controls (HCS, left side) and schizophrenia (SCS, right side) The top row shows that LOFC presents
a pair-wise interaction. The bottom row presents the functional connectogram corresponding to each
correlation map with a threshold set to 0.6.

Here we clearly see that interaction-independent component network patterns are clumped, and the
pattern can be matched to six multi model order ICA brain template networks (see Fig. 4). The
corresponding functional connectogram was also presented with a threshold of 0.6.

4.3 High-Order Functional Connectogram

Given the number of independent component networks, exploring the high-order functional connec-
togram with 105 independent component networks along with increasing interaction order will face
some challenges. Furthermore, it will also face how to present the result with a graph connectogram,
and all these problems will be major problems that need to be solved, but it will be very important for
us to precision diagnose schizophrenia, and the previous related research [11] has already provided
us with a window to solve it, and we can apply it to the precision diagnosis of schizophrenia.
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