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Figure 1 (Color online) Construction and analysis of individual-level and across-subjects covariance network. (a) Structural and diffusion magnetic
resonance images; (b) cortical morphological features and diffusion parameters; (c) segmentation of brain regions; (d) constructions of individual-level
brain morphological network (single feature based methods including: @O cube-based™, @ KL divergence-based[%zg], ® wavelet transform-based””’,
@ dissimilarity-basedm], etc.), as well as across-subjects covariance network; (e) correlation matrix; (f) binarized matrix; (g) graph theory analysis. CT,
cortical thickness; SA, surface area; MC, mean curvature; FA, fraction anisotropic; MK, mean kurtosis; ODI, orientation dispersion index
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Table 1 Topological properties of undirected binary networks®™*
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Table 2 Brain morphological networks in fetuses and infants
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Figure 2 (Color online) Gantt chart (a) and topological diagram (b) of brain morphological network with development. (a) The intensity of color-bars
illustrates the degree of network separation and integration, and the maturity of the primary and higher-order networks. The triangle indicates the
appearance of small-worldness. Brain morphological network follows the pattern from gradually integrated to separated and then gradually integrated
during development. The primary networks first reach maturity, while the higher-order networks continue to develop for a long time. (b) Before birth,
the network topology is in its primitive state with high modularity. During prenatal development, long-range connections appear and network becomes
more integrated. At birth, the network already has the characteristic small-world topology. From birth to early childhood, the intra-module connection
strength increases and network becomes more segregated. From late childhood to adolescence, the inter-module communication is further enhanced, and
the transmission of global information in the network becomes more efficient
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Brain morphological network and its applications in human
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The human brain is an extremely complex system, where trillions of neurons are connected through synapses, forming a
massive micro-scale anatomical network which is considered to be the physiological basis for information processing and
cognition. How to depict the connection pattern of the brain has always been a hot topic within the neuroscience
community. With the development of non-invasive neuroimaging technology, investigations of the brain network have
entered a new era. Brain networks based on magnetic resonance imaging (MRI) provide new insights into the complex
anatomical organization and functional mechanism of the human brain.

Brain networks can be divided into morphological networks, white matter networks, and functional networks. Brain
morphological networks usually refer to the morphological connection networks generated from structural MRI, and have
received wide attention because of its advantages of easy image acquisition, stable image quality, and simplicity in analysis.
Brain morphological networks can be further divided into across-subjects covariance networks and individual-level
networks. Across-subjects covariance networks are constructed by calculating the statistical correlation of morphological
features between brain regions from a group of participants, which only reflect the group characteristics of participants but
ignore the individual variations. Individual-level brain morphological networks are built using morphological information
from the individual brain to describe the cooperative changes between brain regions, which can preserve the individual
difference. There are two types of methods to build individual morphological networks, namely, single feature based and
multiple features based, which will be described in detail in this review.

Graph theory model in combination with brain morphological network enables us to characterize the developmental
trajectories of the topology of cortical morphology, from prenatal, early postnatal, childhood to adolescence. Based on the
recent studies of brain morphological networks on brain development, we found that brain morphological networks are still
in their primitive state during the early second trimester, which become more integrated towards birth and already exhibit
the characteristic small-world topology and nonrandom modular organization at birth. Subsequently, brain morphological
networks become more separated from birth to early childhood and gradually integrate from late childhood to adolescence.
In addition, many studies demonstrated distinct developmental trajectories in different cortical divisions. Specifically, the
primary networks are the first to reach maturity, while the higher-order networks continue to develop for a long time. These
findings provide important evidence for understanding the reorganization of the cerebral cortex and the emergence and
development of brain cognitive function.

Although brain morphological networks have undergone ten years of development, problems and challenges remain in this
field. Similar to other forms of connectivity analysis, brain morphological networks analysis struggles with the issues of edge
and node definition, and further methodological development is needed in the fields of graph theory and statistical comparison
between networks. More importantly, despite some studies that attempt to relate brain morphological networks to tractography-
based brain networks, functional networks, and gene-specific expression, we are still awaiting a clear interpretation of the
biological significance of brain morphological networks. In addition, how to acquire high-quality MRI data for perinatal brains
is a major challenge to complete the development trajectories of developing brain morphological networks.

magnetic resonance imaging, brain morphological network, topological organization, brain development,
segregation and integration
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