


Supplementary Material
Table S1. MNI coordinates (x, y, z, in mm) for the four spherical regions of interest used to compute the DTI-ALPS index, corresponding to the left and right projection and association fibre areas at the centrum semiovale (z = 23 mm).
	ROI
	MNI Coordinates (x, y, z)

	Left projection
	(−25, −12, 23)

	Left association
	(−35, −18, 23)

	Right projection
	(25, −12, 23)

	Right association
	(35, −18, 23)



Table S2. Effect of MP-PCA denoising on DTI-ALPS index computability, evaluated on a representative subset of 23 scans. Values show the number and percentage of scans for which a valid ALPS index could be computed at each z-coordinate, and the number of scans excluded due to black-spot artifacts within the ROI, with and without the denoising step.
	Outcome 
	With MP-PCA Denoising
	Without MP-PCA Denoising

	Total scans evaluated
	23
	23

	Scans yielding an ALPS index (z = 23 mm)
	13 (56.5%)
	22 (95.7%)

	Scans yielding an ALPS index (z = 28 mm)
	13 (56.5%)
	23 (100%)

	Scans excluded due to black spot artifacts within the ROI
	10 (43.5%)
	1 (4.3%)












Table S3. Registration parameters by stage
	Parameter
	Value

	Linear stages (translation, rigid, affine): similarity metric
	Mutual Information

	Linear stages: metric parameters
	32 histogram bins; 20% voxel sampling proportion

	Linear stages: multi-resolution factors
	[4, 2, 1], applied from coarsest to finest resolution level

	Linear stages: Gaussian smoothing sigmas
	[3, 1, 0], matched to each multi-resolution level

	SDR stage: similarity metric
	Cross-Correlation

	SDR stage: sigma_diff parameter
	2.0 (DIPY default value)

	SDR stage: neighborhood radius
	4 voxels (DIPY default value)

	SDR stage: rationale
	Cross-correlation tolerates intensity differences between FA maps from different subjects better than mutual information, which is why it is used for the nonlinear stage rather than the linear stages

	Maps transformed after registration
	FA, Dxx, Dyy, Dzz, all transformed using mapping.transform()

	Registered output shape
	182 x 218 x 182 voxels, matching the dimensions of the FMRIB58 template

	Registration QC metric
	Structural Similarity Index Measure (SSIM), computed between the registered FA map and the FMRIB58 template

	Registration QC slice location
	Centrum semiovale, at MNI z = 23 mm

	Registration QC outputs generated per subject
	An absolute difference map between the template and registered FA, and a visual side-by-side comparison panel of the template and registered FA



Table S4. Worked example of axis-orientation verification for a representative subject (I201128), showing native vs. template axis codes and the resulting perivascular-axis assignment. 
	Parameter
	Assignment

	Representative subject
	I201128

	Native-space axis codes
	L, A, S

	FMRIB58 template axis codes
	R, A, S

	Left–right array axis
	Axis 0

	Perivascular direction
	Dₓₓ

	Projection-fiber direction
	Dᵧᵧ

	Association-fiber direction
	D𝓏𝓏

	ALPS index (z = 23 mm)
	0.9612 (L: 0.9277; R: 0.9947)

	ALPS index (z = 28 mm)
	0.8514 (L: 0.8883; R: 0.8145)



L and R denote the left and right hemispheres, respectively. Axis codes were obtained from the affine matrices of the native scan and FMRIB58 template. The subject diffusivity maps were first resampled into FMRIB58 template space, after which the left–right direction was identified from the template affine. For this subject, array axis 0 corresponded to the left–right direction, with Dₓₓ used for the perivascular direction, Dᵧᵧ for the projection-fiber direction, and D𝓏𝓏 for the association-fiber direction. ALPS indices at z = 23 mm and z = 28 mm were calculated separately for the left and right ROIs. 







Table S5. Python libraries and functions used in the processing pipeline 
	Library / Module
	Function(s) Used
	Purpose

	scipy.ndimage
	gaussian_filter, binary_fill_holes
	Bias field estimation; brain mask hole-filling

	dipy.core.gradients
	gradient_table
	Constructing diffusion gradient tables

	dipy.reconst.dti
	TensorModel
	Diffusion tensor fitting

	dipy.denoise.gibbs
	gibbs_removal
	Gibbs ringing artifact removal

	dipy.segment.mask
	median_otsu
	Brain extraction / mask generation

	dipy.align.imaffine
	MutualInformationMetric, AffineRegistration
	Linear (translation, rigid, affine) registration

	dipy.align.transforms
	TranslationTransform3D, RigidTransform3D, AffineTransform3D
	Registration transform definitions

	dipy.align.imwarp
	SymmetricDiffeomorphicRegistration
	Nonlinear (SDR) registration

	dipy.align.metrics
	CCMetric
	Cross-correlation similarity metric for SDR

	skimage.metrics
	structural_similarity
	SSIM computation for registration quality









Table S6. Batch processing implementation.
	Item
	Detail

	Execution structure
	A batch wrapper function called the single-subject pipeline sequentially over a list of subject NIfTI folders

	Per-subject outputs captured
	ALPS index at both z-levels (z = 23 mm, z = 28 mm); SSIM value; processing status

	Failed-subject handling
	Processing status recorded for subjects where the pipeline failed, rather than the subject being silently dropped

	Output format
	Single summary CSV file, one row per subject, aggregating results across the full batch

	Runtime
	Approximately 45 minutes per subject on [hardware specification to be added], based on timestamps recorded during batch processing

	Runtime bottleneck
	Most processing time spent in the nonlinear SDR (symmetric diffeomorphic registration) stage



Table S7. Comparison of subjects missing baseline or follow-up MMSE data (n = 16) against complete cases (n = 52), on %ALPS change, annualized %ALPS change, and years of follow-up, to assess whether MMSE missingness is associated with these variables.
	Variable
	N Missing MMSE
	Median (Missing)
	N Complete Case
	Median
	Mann-Whitney U
	p
	Rank-Biserial r

	% ALPS Change
	16
	-2.07
	52
	-2.1
	442
	0.7124
	-0.062

	Annualized % ALPS Change (%/yr)
	16
	-0.97
	52
	-0.935
	436
	0.778
	-0.048

	Years Followed
	16
	2.3
	52
	2.985
	395
	0.7669
	0.05




Table S8. Bootstrap 95% confidence intervals for the AUC of %ALPS change and %MMSE change as single predictors of conversion status.
	Predictor
	AUC
	95% CI Low
	95% CI High

	% ALPS Change
	0.654
	0.514
	0.783

	% MMSE Change
	0.816
	0.681
	0.93



Table S9. AUC and 95% confidence interval for %ALPS change, %MMSE change, and the combined logistic regression model, shown together for comparison.
	Predictor
	AUC
	95% CI Low
	95% CI High

	% ALPS Change
	0.654
	0.514
	0.783

	% MMSE Change
	0.816
	0.681
	0.93

	Combined (LOOCV)
	0.809
	0.662
	0.935



Table S10. Robustness of the combined model's AUC to removal of the most extreme subjects, showing the number and identity of subjects removed at each step, the refit AUC, and the change from the full-sample AUC
	Round
	N Removed
	Subject IDs Removed
	Refit AUC
	Full-Sample AUC
	AUC Change

	1
	2
	127_S_4765, 128_S_2220
	0.8
	0.809
	-0.009

	2
	4
	127_S_4765, 128_S_2220, 016_S_6800, 126_S_4507
	0.774
	0.809
	-0.035
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