Supplementary Materials
Text S1. Image processing
MRI acquisition
[bookmark: _Hlk127523351]Individual preterm infants were scanned at near-term age (postmenstrual age [PMA], 35–44 weeks) using whole-body 3 T magnetic resonance imaging (MRI) scanner (Philips, Achieva, 16-channel phase-array head coil, Best, Netherlands) during natural sleep, using a blanket to preserve body temperature. An experienced pediatrician monitored the pulse oximeter during the MRI to determine the heart and respiratory rates of each infant. Single-shot spin-echo three-dimensional echo planar images were obtained using diffusion tensor imaging (DTI). Parameters of the DTI were b-value = 800 s/mm2, echo time = 75 ms, repetition time = 4,800 ms, flip angle = 90°, field of view = 120 × 120 mm, number of electrostatic gradient directions = 32, voxel sizes = 1.56 × 1.56 mm2, slice thickness = 2 mm, number of averages = 2, total acquisition time = 6 min 17 s, and water-fat shift = 4.68 Hz/pixel. The slices were axially parallel to the anterior-posterior commissure line with a 40–50 slices covering the entire hemisphere and brainstem. Estimates of motion artifacts of diffusion-weighted images were calculated for individual participants, including absolute and relative volume-to-volume motion and percentage of outliers using the EDDY QC tool 1 in the FMRIB Software Library (FSL, https://fsl.fmrib.ox.ac.uk/fsl/fslwiki) 2. Additionally, structural T2-weighted images were acquired for volumetric analysis and to exclude white matter (WM) abnormalities. The parameters for T2-weighted image were echo time = 90 ms, repetition time = 4,800 ms, flip angle = 90°, field of view = 180 × 180 mm2, voxel sizes = 0.5 × 0.5 mm2, slice thickness = 3 mm, number of averages = 1, total acquisition time = 6 min 30 s, and water-fat shift = 4.68 Hz/pixel.

Data preprocessing
Imaging data were preprocessed using an eddy correction tool for eddy current distortions, motion artifacts, and MRI susceptibility-induced fields. A nondiffusion-weighted image (b0 image) was extracted from the raw image, including the skull and nonbrain tissues. To remove the effect of low-frequency intensity inhomogeneity on the b0 diffusion data, the bias field estimated using N4 bias field correction in advanced normalization tools (ANTs) 3. Subsequently, the principal eigenvalues of the diffusion tensor model were computed by simple least-squares fitting of the diffusion-weighted volume. Fractional anisotropy (FA), mean diffusivity (MD), axial diffusivity (AD), and radial diffusivity (RD) were calculated using tensor-eigenvalues. Quality control of the preprocessed images was performed via visual inspection by two independent reviewers. All procedures were performed using FSL.

Network construction
A 12-parameter affine transformation was used to transform the individual b0 images into T2-weighted images from the University of North Carolina (UNC) neonate atlas 4, and vice versa. Inverse transformations were used to warp the automated anatomical labeling atlas from the UNC space to the native space. Discrete labeling values were preserved using nearest-neighbor interpolation, which is a family of sinc-based methods. Using this procedure, we obtained 90 brain regions (each representing a node in the network) for the underlying structural network of each participant (Supplementary Table 2).
Whole-brain fiber tracking using probabilistic tractography was performed for each neonate using FSL. First, to prepare for probabilistic tracking, BEDPOSTX was used to model the direction of the crossing fiber, and partial volume effects were corrected for thick slices (BEDPOSTX arguments: fiber 3 and Rician for uniform noise levels). Probabilistic tractography was then performed on individual diffusion images using PROBTRACKX. The network matrix, assigned through the connectivity probabilities between brain regions i and j, was calculated as the total proportion of fibers sampled from all voxels in brain region i reaching all voxels in brain region j (PROBRACKX arguments are sample tracts per seed voxel: 5,000; step length: 0.5 mm; curvature threshold: 0.2; and fractional anisotropic volumes: 0.01). 
Probabilistic tractography depends on the seeding point; therefore, the probability from i to j can differ from the probability from j to i. Therefore, we defined the unidirectional connection probability Pij between regions i and j and created a 90 × 90 symmetric matrix after averaging these two probabilities. Moreover, we performed pair-wise Pearson correlation for all 4,005 connections with nonzero probability values for all the participants and set r = 0.7 as the threshold to remove spurious connections with a small probability of connection. The weighted (W) network edges were calculated as Wij = Pij.

Global and local network analysis
Prior to brain network quantification, a sparsity threshold of 0.25 (i.e., which is the ratio of the number of actual edges to the maximum possible number of edges in a structural network) 5, was applied to individual networks to remove the weakest connections subject to experimental noise 6. The specific threshold selection procedure followed that of our previous network study 7. Global and local network properties were analyzed using the Brain Connectivity Toolbox 8 and GRETNA software (http://www.nitrc.org/projects/gretna/) 9.
Graph metrics were used to quantify brain global (global efficiency, Eglob; local efficiency, Eloc; modularity, Q; small-worldness, S; normalized clustering coefficient, Cp; normalized shortest path length, Lp) 8 and local (betweenness centrality, BC; degree centrality, DC; nodal clustering coefficient, NCp; nodal shortest path length, NLp; nodal efficiency, Le; nodal local efficiency, NLe) 10,11 connectivity. Global metrics were computed for 1,000 random networks with conserved number of nodes, number of edges, and degree distribution at predefined sparsity thresholds 7. Local network metrics were used as indicators of neonatal and children brain development, and employed to elucidate clinical implications 7,12-15. Details of the described graph-theoretical measures can be found in our previous study 7. 

WM integrity analysis
[bookmark: _Hlk155433907]We aligned the Johns Hopkins University (JHU) neonatal, probabilistic, WM pathway atlas to the FA images of individual diffusion spaces using a nonlinear symmetric normalization algorithm in the ANTs to compute the mean FA, MD, AD, and RD values for specific WM pathways 3,16. This atlas provides 27 major WM pathways in a population-averaged neonatal template.

Volumetric analysis
To extract neonatal volumetric features, we used the morphologically adaptive neonatal tissue segmentation toolbox (MANTiS) to segment and measure neonatal brain tissue from T2-weighted images 17. Additionally, MANTiS extends the existing approach to tissue classification implemented in Statistical Parametric Mapping software to neonates, combining template adaptation and topological filtering and segmenting the neonatal brain into eight tissue classes: gray matter (GM), WM, deep GM (DGM), hippocampus, amygdala, cerebellum, and brainstem. These volumetric values were corrected by dividing them by the total brain volume without cerebrospinal fluid.

Text S2. Role of network metrics in the altered development of brain networks
Betweenness centrality has been used as an indicator of communication efficacy and the integration ability of structural and functional connections in neonates 15. Furthermore, to elucidate the clinical implications of preterm birth, Lee identified the basis of structural networks in emotional processes following BC lateralization in preterm infants 14. Additionally, Fischi-Gomez et al. 12 identified the effects of preterm infancy and intrauterine growth restriction on brain development using structural network topologies, such as centrality and clustering coefficients. Moreover, DC can differentiate individuals with typical development from those with autism spectrum disorder (ASD) or attention deficit hyperactivity disorder to support the construction of a network disorder model for disease groups 18. Thus, BC and NCp showed significant correlations with brain regions related to the ASD phenotype. In particular, NCp showed a positive correlation between ASD and neurodevelopmental outcomes 19. Moreover, Feng et al. 20 used BC to differentiate between Alzheimer’s disease and subcortical ischemic vascular dementia. 
















Table S1. Quality features for our models
	Topic
	Features to extract
	Explanation

	Sample size
	Sample size (n)
	Sample size was limited to 218 cohorts due to the lack of clinical neonatal brain imaging data.

	Participants
	1) Clear inclusion and exclusion criteria; 
2) Clear description of possible sample attribution
	Recommended neonatal and maternal characteristics by Juul et al. 2022. 

	Data leakage
	1) Number of features at start (n) and in a final (best-predicting) model (n)
2) Feature selection independent of validation performance (Y/N)
3) Number of combinations of hyperparameters tested (n, both within and outside the validation or cross-validation)
	1) Start: 565 features; final: 30~40 features
[bookmark: _Hlk155434981]2) Y; Graphical network analysis
3) 30. Hyperparameters were randomly searched within the specified statistical distribution rather than the discrete number of samples.

	Validation
	1) Internal validation (k-fold, LOOCV, and nested)
2) External validation (Y/N)
	1) k-fold (5~10)
2) N

	Performance metrics
	1) Outcome type (classification and regression)
2) Base rate (percent abnormal)
3) Type of performance metrics reported (e.g., AUC, accuracy, and sensitivity)
	1) Regression
2) Not applicable
3) RMSE, R2

	Interpretability
	1) Interpretability of the model (Y/N)
2) Comparison with previous models (Y/N)
	1) Y; Feature importance from prediction model and correlation analysis between predictors and BSID-III subsets in clinical trials.
2) N

	Open science
	1) Sharing code, model, or data (Y/N)
2) Decision support model (Y/N)
	1) N; Access to data can be obtained through the corresponding author.
2) N


N, no; Y, yes.







Table S2. List of nodes abbreviations (University of North Carolina atlas)
	
	Node
	Abbreviation
	
	Node
	Abbreviation

	1
	Precentral gyrus left
	PreCG.L
	46
	Cuneus right
	CUN.R

	2
	Precentral gyrus right
	PreCG.R
	47
	Lingual gyrus left
	LING.L

	3
	Superior frontal gyrus (dorsal) left
	SFGdor.L
	48
	Lingual gyrus right
	LING.R

	4
	Superior frontal gyrus (dorsal) right
	SFGdor.R
	49
	Superior occipital gyrus left
	SOG.L

	5
	Orbitofrontal cortex (superior) left
	ORBsup.L
	50
	Superior occipital gyrus right
	SOG.R

	6
	Orbitofrontal cortex (superior) right
	ORBsup.R
	51
	Middle occipital gyrus left
	MOG.L

	7
	Middle frontal gyrus left
	MFG.L
	52
	Middle occipital gyrus right
	MOG.R

	8
	Middle frontal gyrus right
	MFG.R
	53
	Inferior occipital gyrus left
	IOG.L

	9
	Orbitofrontal cortex (middle) left
	ORBmid.L
	54
	Inferior occipital gyrus right
	IOG.R

	10
	Orbitofrontal cortex (middle) right
	ORBmid.R
	55
	Fusiform gyrus left
	FFG.L

	11
	Inferior frontal gyrus (opercular) left
	IFGoperc.L
	56
	Fusiform gyrus right
	FFG.R

	12
	Inferior frontal gyrus (opercular) right
	IFGoperc.R
	57
	Postcentral gyrus left
	PoCG.L

	13
	Inferior frontal gyrus (triangular) left
	IFGtriang.L
	58
	Postcentral gyrus right
	PoCG.R

	14
	Inferior frontal gyrus (triangular) right
	IFGtriang.R
	59
	Superior parietal gyrus left
	SPG.L

	15
	Orbitofrontal cortex (inferior) left
	ORBinf.L
	60
	Superior parietal gyrus right
	SPG.R

	16
	Orbitofrontal cortex (inferior) right
	ORBinf.R
	61
	Inferior parietal lobule left
	IPL.L

	17
	Rolandic operculum left
	ROL.L
	62
	Inferior parietal lobule right
	IPL.R

	18
	Rolandic operculum right
	ROL.R
	63
	Supramarginal gyrus left
	SMG.L

	19
	Supplementary motor area left
	SMA.L
	64
	Supramarginal gyrus right
	SMG.R

	20
	Supplementary motor area right
	SMA.R
	65
	Angular gyrus left
	ANG.L

	21
	Olfactory left
	OLF.L
	66
	Angular gyrus right
	ANG.R

	22
	Olfactory right
	OLF.R
	67
	Precuneus left
	PCUN.L

	23
	Superior frontal gyrus (medial) left
	SFGmed.L
	68
	Precuneus right
	PCUN.R

	24
	Superior frontal gyrus (medial) right
	SFGmed.R
	69
	Paracentral lobule left
	PCL.L

	25
	Orbitofrontal cortex (medial) left
	ORBsupmed.L
	70
	Paracentral lobule right
	PCL.R

	26
	Orbitofrontal cortex (medial) right
	ORBsupmed.R
	71
	Caudate left
	CAU.L

	27
	Rectus gyrus left
	REC.L
	72
	Caudate right
	CAU.R

	28
	Rectus gyrus right
	REC.R
	73
	Putamen left
	PUT.L

	29
	Insula left
	INS.L
	74
	Putamen right
	PUT.R

	30
	Insula right
	INS.R
	75
	Pallidum left
	PAL.L

	31
	Anterior cingulate gyrus left
	ACG.L
	76
	Pallidum right
	PAL.R

	32
	Anterior cingulate gyrus right
	ACG.R
	77
	Thalamus left
	THA.L

	33
	Dorsal (middle) cingulate gyrus left
	DCG.L
	78
	Thalamus right
	THA.R

	34
	Dorsal (middle) cingulate gyrus right
	DCG.R
	79
	Heschl gyrus left
	HES.L

	35
	Posterior cingulate gyrus left
	PCG.L
	80
	Heschl gyrus right
	HES.R

	36
	Dorsal/Middle cingulate gyrus right
	PCG.R
	81
	Superior temporal gyrus left
	STG.L

	37
	Hippocampus left
	HIP.L
	82
	Superior temporal gyrus right
	STG.R

	38
	Hippocampus right
	HIP.R
	83
	Temporal pole (superior) left
	TPOsup.L

	39
	ParaHippocampal gyrus left
	PHG.L
	84
	Temporal pole (superior) right
	TPOsup.R

	40
	ParaHippocampal gyrus right
	PHG.R
	85
	Middle temporal gyrus left
	MTG.L

	41
	Amygdala left
	AMYG.L
	86
	Middle temporal gyrus right
	MTG.R

	42
	Amygdala right
	AMYG.R
	87
	Temporal pole (middle) left
	TPOmid.L

	43
	Calcarine cortex left
	CAL.L
	88
	Temporal pole (middle) right
	TPOmid.R

	44
	Calcarine cortex right
	CAL.R
	89
	Inferior temporal gyrus left
	ITG.L

	45
	Cuneus left
	CUN.L
	90
	Inferior temporal gyrus right
	ITG.R
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