
Longitudinal Percentage Change in DTI-ALPS and
MMSE as Joint Markers of MCI-to-Alzheimer's
Disease Conversion
Rutuja Ingavale 

Manipal Institute of Technology, Manipal Academy of Higher Education
Haripriya S 

Manipal Institute of Technology, Manipal Academy of Higher Education
Amritanshu Gupta 

Manipal Institute of Technology, Manipal Academy of Higher Education

Article

Keywords: DTI-ALPS, Glymphatic System, Alzheimer’s Disease, Mild Cognitive Impairment, Longitudinal
Biomarkers, MMSE Decline

Posted Date: November 5th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-10662564/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-10662564/v1
https://doi.org/10.21203/rs.3.rs-10662564/v1
https://doi.org/10.21203/rs.3.rs-10662564/v1
https://creativecommons.org/licenses/by/4.0/


1 

 

Longitudinal Percentage Change in DTI-ALPS and MMSE as Joint 1 

Markers of MCI-to-Alzheimer's Disease Conversion 2 

Rutuja Ingavale1, Haripriya S1 and Amritanshu Gupta1*  
3 

1 School of Electrical Engineering, Manipal Institute of Technology, Manipal Academy of Higher 4 

Education, Manipal, India  5 

*Corresponding author 6 

Amritanshu Gupta 7 

School of Electrical Engineering, 8 

Manipal Institute of Technology,  9 

Manipal Academy of Higher Education, 10 

Manipal – 576104 11 

Karnataka 12 

Email: amritanshu.gupta@manipal.edu 13 

ORCID: 0000-0003-0437-537114 



2 

 

Abstract 15 

Early Alzheimer's disease prediction remains an open challenge. DTI-ALPS, an imaging-16 

derived marker of glymphatic clearance, has been proposed as an earlier signal, but absolute 17 

ALPS values overlap substantially across diagnostic groups, limiting their value as single-18 

timepoint measurements. This study examined whether longitudinal percentage change in DTI-19 

ALPS from baseline, rather than a single absolute value, better distinguishes subjects who 20 

remain stable from those who convert from MCI to Alzheimer's disease, and whether 21 

combining it with longitudinal MMSE change adds further value. Unlike prior work linking 22 

baseline ALPS to later outcomes, we used ADNI data to compare Stable MCI and MCI-to-AD 23 

subjects using longitudinal percentage changes in ALPS and MMSE from each subject's own 24 

baseline. Overcoming the overlap inherent to absolute baseline ALPS, both measures differed 25 

significantly, showing medium and large effect sizes for ALPS and MMSE changes, and were 26 

only weakly and non-significantly correlated with each other. A logistic regression combining 27 

them did not significantly outperform MMSE alone on classification accuracy, but ALPS 28 

change remained an independent, significant predictor after MMSE was accounted for, 29 

indicating that glymphatic decline carries conversion-relevant information of its own. Together, 30 

these results support tracking change from an individual's own baseline when assessing early 31 

Alzheimer's risk with DTI-ALPS. 32 

Keywords: DTI-ALPS; Glymphatic System; Alzheimer’s Disease; Mild Cognitive 33 

Impairment; Longitudinal Biomarkers; MMSE Decline 34 

1. Introduction 35 

Alzheimer’s disease (AD) is projected to affect roughly 153 million people worldwide by 2050. 36 

This is more than double the 2019 estimate (Nichols et al., 2022). AD is usually recognised 37 

only once cognitive symptoms are already noticeable or advanced, and by then the underlying 38 

neurodegenerative process has often been running for years. This is part of why the field has 39 

shifted toward staging Alzheimer’s by its underlying biology rather than symptoms alone, an 40 

approach formalised in the NIA-AA Research Framework’s amyloid/tau/neurodegeneration 41 

scheme. The goal is to catch the disease earlier, while it is still preclinical or prodromal, when 42 

there may still be room to change its course. This requires a different kind of marker. Rather 43 

than simply flagging that the disease is present, it has to track how a person is changing over 44 

time, since a single measurement only tells you whether a person is sick or healthy once 45 

symptoms have already manifested. This study examines one such pair of candidate markers 46 

in a retrospective, longitudinal analysis of the Alzheimer’s Disease Neuroimaging Initiative 47 

(ADNI), an existing multi-site imaging and cognitive dataset rather than a newly collected 48 

cohort. 49 

The first of these two markers comes from a comparatively recent line of work on the brain’s 50 

glymphatic system (Iliff et al., 2012, 2013). This is a perivascular network that clears metabolic 51 

waste, including amyloid-β, by exchanging cerebrospinal fluid with interstitial fluid, and in 52 

animal models, it accounts for more than half of the brain’s amyloid-β clearance. Sleep is 53 

closely tied to this clearance process as well. In mice, natural sleep and anaesthesia caused the 54 

interstitial space to expand and amyloid-β clearance to increase along with it (Xie et al., 2013). 55 

Later work extended this connection to human dementia. As glymphatic function declines with 56 
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age and sleep becomes more fragmented, the two may combine into a shared pathway running 57 

across several neurodegenerative diseases rather than being specific to Alzheimer’s alone 58 

(Nedergaard & Goldman, 2020). If this clearance system breaks down, the proteins central to 59 

Alzheimer’s pathology may build up faster than they otherwise would. That is part of why 60 

glymphatic dysfunction is thought to come before, and possibly help forecast, the cognitive 61 

decline that appears later on. Measuring this pathway directly in humans is not straightforward, 62 

though DTI-ALPS (Diffusion Tensor Image Analysis Along the Perivascular Space) offers one 63 

non-invasive route in, using diffusivity along perivascular spaces relative to fiber-crossing 64 

directions as a proxy for glymphatic activity (Taoka et al., 2017). This isn’t just a theoretical 65 

proxy either. A study using intrathecal contrast tracing found that the ALPS index correlates 66 

with directly measured glymphatic clearance (Zhang et al., 2021). DTI-ALPS has been used 67 

across the whole range from mild cognitive impairment to established Alzheimer’s disease. 68 

Further, in one well-powered study spanning three diagnostic groups, ALPS values came out 69 

lower in AD than in healthy controls, and those lower values also went along with greater 70 

amyloid burden and reduced glucose metabolism on PET  (Kamagata et al., 2022). 71 

Applying DTI-ALPS to a diagnostic question runs into a problem that shows up repeatedly in 72 

this literature. A single ALPS reading, taken at a single point in time, doesn’t cleanly separate 73 

people by diagnosis. Findings across cohorts don’t line up well either. Some studies only detect 74 

a significant group difference after adjusting for age, and even then, only in one 75 

hemisphere(Steward et al., 2021). Guo and colleagues’ own two-cohort design illustrates this. 76 

They reported a significant difference between cognitively normal and MCI groups in their 77 

ADNI sample, but that difference did not reach significance in their second, independent cohort 78 

(Guo et al., 2025). And even when a difference does turn out significant, it tends to be small 79 

(Kamagata et al., 2022), which in practice means a lot of overlap between people who will 80 

eventually develop AD and people who won’t. 81 

None of these points to a flaw in any one study. It more likely comes down to how much people 82 

genuinely differ from each other in baseline glymphatic function, shaped by age, vascular 83 

health, sleep, and anatomy, so the same ALPS number can mean quite different things 84 

depending on whose brain it came from. Given this degree of inter-individual variability at 85 

baseline, the more informative signal may not be a person’s ALPS index at a single time point, 86 

but the magnitude of change from their own starting value. This shift in framing, from a single 87 

absolute measurement to a within-subject change score, is the central premise underlying this 88 

study. We test it directly, first by examining the overlap in baseline ALPS values within our 89 

own cohort, before turning to change-based measures. This approach depends on longitudinal 90 

DTI-ALPS change being a reliable signal in the first place, which reproducibility work supports 91 

under consistent imaging conditions (Taoka et al., 2022). 92 

DTI-ALPS, as described above, is a direct imaging measurement of a specific physiological 93 

process, perivascular fluid clearance, not something inferred from behaviour. Cognitive 94 

trajectory works differently. It measures or estimates the downstream, accumulated effect of 95 

whatever is driving decline, without pointing to any one cause. That’s part of why the two are 96 

worth pairing: one is tied closely to the underlying biology, the other to what a person’s day-97 

to-day functioning actually looks like, and they’re unlikely to be picking up exactly the same 98 

thing at exactly the same time. The Mini-Mental State Examination (Folstein et al., 1975) fits 99 

naturally into this as a longitudinal marker. Work tracking MMSE over several years in MCI 100 
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cohorts has found distinct patterns of decline that predict how people go on to do cognitively, 101 

using the rate of change rather than a single starting score (Xie et al., 2013). 102 

How these two markers relate to each other has itself become a focus of recent research. Guo 103 

et al. (2025) drew on two separate datasets, ADNI and an independent Chinese cohort, and 104 

found that a lower ALPS index at a single baseline scan predicted both faster MMSE decline 105 

down the line and a higher chance of converting from MCI to AD. In effect, ALPS was treated 106 

as a fixed risk marker, one reading taken early that forecasts what happens later on an entirely 107 

different measure. Another ADNI-based study found much the same thing, with baseline ALPS 108 

predicting later rates of amyloid buildup, brain atrophy, and cognitive decline, which places 109 

glymphatic impairment as an early event that comes before, and seems to forecast, what follows 110 

(Huang et al., 2024). 111 

Guo and Huang’s studies are really asking the same underlying question: whether an early 112 

snapshot can predict a later outcome. That’s different from what motivates the present study. 113 

Here, both markers are expressed not as absolute scores but as percentage change from each 114 

subject’s own baseline, and the question is whether these two change scores move together 115 

over time rather than whether one baseline value predicts the other’s future. If a single ALPS 116 

measurement is compromised by the inter-subject variability discussed above, a baseline value 117 

predicting a future outcome carries that same weakness with it, however useful it turns out to 118 

be in practice. What hasn’t been tested, as far as we know, is whether pairing percentage change 119 

in ALPS with percentage change in MMSE, rather than pairing a physiological baseline with a 120 

cognitive trajectory, adds anything beyond what either offers alone. 121 

Work that has tried to combine imaging with cognitive markers to predict MCI-to-AD 122 

conversion doesn’t point in one direction. Some studies, pairing structural MRI with cognitive 123 

testing and risk-factor measures, have done well at this (Devanand et al., 2007, 2008). One of 124 

them found that five early markers together were genuinely more useful than age and MMSE 125 

on their own. Other work pulls the other way. Combined models don’t always beat the best 126 

single marker, and in some cases, cognitive scores alone did just as well as far more 127 

complicated combinations (Ewers et al., 2012; Gomar, 2011). Guo and colleagues sit 128 

somewhere in between, though their work rests entirely on baseline values rather than change 129 

over time. Taken together, these results hint that the benefit of combining markers may hinge 130 

less on combining them at all than on what exactly gets combined, baseline values, trajectories, 131 

or some mix of the two, which is exactly what this study tests directly, using percentage change 132 

from baseline for both markers instead of a baseline value for either. 133 

Testing this needs repeated imaging and cognitive data from the same subjects over time, which 134 

is why we turned to ADNI. The dataset spans multiple phases and sites, following people over 135 

time as they move across the cognitively normal, MCI, and AD spectrum, using protocols that 136 

have stayed standardised for two decades of data collection (Arani et al., 2024; Jack et al., 137 

2008; Petersen et al., 2010; Weiner et al., 2017). Its scale and long follow-up windows make it 138 

possible to compute within-subject change over meaningful stretches of time, a requirement of 139 

the argument above rather than a convenience of the dataset. Conversion here means a 140 

documented change in diagnosis from MCI to AD dementia at any point during follow-up, in 141 

accordance with ADNI’s established diagnostic criteria. 142 
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This study has three aims: to test whether percentage change in the DTI-ALPS index from 143 

baseline separates stable and converting subjects better than absolute ALPS values do, to check 144 

whether longitudinal MMSE change shows the same pattern, and to ask whether change in the 145 

two measures is related, with ALPS change telling us something about conversion risk that 146 

MMSE change alone does not. In doing this, what we’re really asking is whether a person’s 147 

risk of progressing from MCI to Alzheimer’s disease shows up more clearly not in a single 148 

glymphatic or cognitive measurement, but in how much that measurement changes from their 149 

baseline visit to the years that follow. 150 

2. Methodology 151 

This study investigated longitudinal changes in the DTI-ALPS index by comparing the baseline 152 

scan and the last available scan for each subject. Longitudinal changes were evaluated using 153 

two primary variables: the percentage change in the DTI-ALPS index from baseline, which 154 

quantified changes in glymphatic function, and the percentage change in the Mini-Mental State 155 

Examination (MMSE) score from baseline, which assessed changes in cognitive performance. 156 

Because the time interval between the baseline and last available scans differed across subjects, 157 

annualized percentage changes in both the DTI-ALPS index and MMSE score were also 158 

calculated. 159 

The proposed pipeline is based on the framework described by Nakaya et al. (2025) but differs 160 

in several methodological aspects. Image registration is performed using the dipy.align 161 

module through a four-stage translation-rigid-affine-SDR pipeline instead of FSL 162 

FLIRT/FNIRT, which does not require administrator privileges on Windows. Registration 163 

quality is assessed for each subject by calculating the structural similarity index (SSIM) 164 

between the registered image and the FMRIB58 template, in addition to visual inspection. An 165 

automated slice-by-slice hole-filling correction is applied to the brain mask, addressing 166 

enclosed interior holes produced by median_otsu() function in some subjects. This helps 167 

in preserving the outer boundary of the brain mask generated by Otsu thresholding, along with 168 

restoring the enclosed interior voxels. 169 

The ALPS index was computed for all subjects at two fixed z-levels: the standard MNI 170 

coordinate (z = 23 mm) used by Nakaya et al. (2025) and a second coordinate (z = 28 mm). 171 

The ROIs were positioned at z = 23 mm in MNI152 space such that the centrum semiovale, 172 

(projection fibres and association fibres) and the perivascular spaces are anatomically well 173 

separated.  The z = 28 mm coordinate was selected after inspecting a few representative 174 

subjects to confirm adequate visualization of the projection and association fiber ROIs and the 175 

absence of the lateral ventricle at that level. The two z-levels were compared to assess how 176 

slice selection affects the ALPS index and assess whether the standard z = 23 mm coordinate 177 

was suitable for the cohort. Nakaya et al. (2025) compared the ALPS index across amyloid-178 

stratified groups, with HC and SCD further divided into Aβ-negative and Aβ-positive groups, 179 

along with MCI and AD. In this study, we examine longitudinal changes in the ALPS index 180 

across diagnostic transitions in CN, MCI, and AD. SCD was not included in the ADNI-derived 181 

cohort. 182 

Based on changes in diagnosis over time, subjects were classified as stable (Stable CN, Stable 183 

MCI, Stable AD), progressive (CN to MCI, MCI to AD, CN to AD), or showing diagnostic 184 
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reversal (MCI to CN, AD to MCI). The analysis examines glymphatic changes across stable, 185 

progressive, and reversed diagnostic trajectories rather than cross-sectional differences 186 

between diagnostic groups.  187 

 188 

Figure 2.1. Overview of the DTI-ALPS processing pipeline. Each stage, from DICOM-to-NIfTI 189 

conversion through preprocessing, tensor fitting, registration, ROI placement, and index 190 

computation, is shown in the order applied to every subject in the final pipeline.191 
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2.1 Dataset 192 

The dataset used in this study was obtained from the Alzheimer's Disease Neuroimaging 193 

Initiative (ADNI) data repository (https://adni.loni.usc.edu). ADNI has four major protocol 194 

phases: ADNI 1, ADNI 2, ADNI 3, and ADNI 4. Of these four phases, DTI scans are available 195 

only for ADNI 2, ADNI 3, and ADNI 4. The DTI pipeline was applied to 201 subjects with two 196 

or more DTI scans, yielding a total of 793 scans. After pipeline processing, 12 subjects were 197 

excluded because artifacts within the ROI left fewer than two scans suitable for longitudinal 198 

comparison, leaving 189 subjects for further evaluation. The remaining subjects were screened 199 

for the following exclusion criteria: (1) a fluctuating (non-monotonic) diagnostic trajectory, (2) 200 

statistical outlier status, (3) a reversal from Alzheimer's disease (AD) to cognitively normal 201 

(CN), as this transition is not consistent with the natural progression of Alzheimer's disease, 202 

and (4) additional subjects excluded following manual review for data quality, including 203 

unusually high ALPS index values and incomplete scan-level data. These exclusions resulted 204 

in a final cohort of 173 subjects. Baseline and last available diagnoses were obtained from the 205 

diagnostic summary table 'DXSUM' from the ADNI portal. MMSE was selected as the 206 

cognitive measure because it was available for the majority of subjects across the three ADNI 207 

protocol phases included in this study. MMSE scores were used solely as numerical study 208 

variables, as recorded in the ADNI database. No MMSE test items, questions, or instrument 209 

content are reproduced in this article. The MMSE is a copyrighted instrument and may not be 210 

used or reproduced in whole or in part, in any form or language, or by any means without the 211 

written permission of PAR (www.parinc.com). Permission from Psychological Assessment 212 

Resources, Inc. (PAR) for the use of MMSE data in this publication has been obtained. 213 

2.2 Data Conversion 214 

The overall DTI-ALPS processing pipeline is summarised in Figure 2.1. The DTI data obtained 215 

from ADNI were provided in DICOM format. The DICOM images were converted to NIfTI 216 

format using dcm2niix because the subsequent neuroimaging tools, including DIPY, operate 217 

on volumetric NIfTI images rather than individual DICOM slices. During conversion, 218 

dcm2niix reconstructed the individual DICOM slices into a single 4D NIfTI volume. It also 219 

extracted the diffusion gradient directions to generate the .bvec file and the corresponding 220 

diffusion weighting values(b-values) to generate the .bval file. Spatial location and orientation 221 

information were retained from the scanner metadata. The NIfTI header confirmed that the 222 

original spatial orientation and dimensions were retained. The image orientation after 223 

conversion was verified from the NIfTI header and confirmed to be Left-Anterior-224 

Superior(LAS). 225 

2.3 Data Preprocessing 226 

The DTI data were pre-processed after DICOM-to-NIfTI conversion. Preprocessing included 227 

Gibbs ringing artifact removal followed by bias field correction. The MP-PCA denoising step 228 

used by Taoka et al. (2017, 2022) and Nakaya et al. (2025) was evaluated in a pilot comparison. 229 

MP-PCA denoising produced voxel dropout (‘black spots’) within the ROI in 10 of 23 scans 230 

(43.5%), compared with 1 of 23 scans (4.3%) without denoising. Based on this comparison, 231 

MP-PCA denoising was not included in the final pipeline. Gibbs ringing artifact removal was 232 
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performed using the gibbs_removal() function from the dipy.denoise.gibbs module, 233 

which implements the local sub-voxel shift method described by Kellner et al. (2016). 234 

Bias-field inhomogeneity can affect signal intensity across the image. Nakaya et al. (2025) 235 

included bias-field correction in their MRtrix3-based preprocessing pipeline.  A Gaussian 236 

filter with a standard deviation (σ) of 20 voxels was applied to the mean image obtained by 237 

averaging all diffusion volumes with b-values less than 50 s/mm² to estimate the slowly varying 238 

bias field. Voxels with zero or negative values in the estimated bias field were assigned a value 239 

of one to prevent division by zero during intensity scaling. A voxel-wise scaling factor was 240 

calculated as the ratio of the global mean intensity of this image to the estimated bias field. The 241 

resulting scaling factor was applied to all diffusion volumes using NumPy broadcasting to 242 

generate the bias-corrected diffusion dataset. 243 

2.4 Brain Masking & Tensor Fitting 244 

A brain mask was generated from a mean b = 0 image, obtained by averaging all diffusion 245 

volumes with b-values less than 50 s/mm², using the median_otsu() function. The function 246 

applies a median filter with a radius of two voxels for one pass (numpass = 1) to smooth 247 

the image, followed by Otsu thresholding to separate brain tissue from the background and 248 

generate the initial brain mask. 249 

 250 

Figure 2.2. Brain mask correction via slice-wise hole-filling. Panel A: initial brain mask generated 251 

by Otsu thresholding, showing an enclosed interior hole in a superior axial slice near the 252 

centrum semiovale. Panel B: the same mask after slice-wise hole-filling, with the interior 253 

hole restored and the outer mask boundary unchanged. 254 

Visual inspection of the initial brain mask showed enclosed holes in the superior axial slices of 255 

some subjects as shown in Figure 2.2A. These holes appeared as dark regions in the 256 

corresponding fractional anisotropy (FA) maps near the centrum semiovale, where the DTI-257 

ALPS ROIs are located. To correct this, the binary_fill_holes() function from the 258 

scipy.ndimage module (Virtanen et al., 2020) was applied independently to each axial slice 259 

of the brain mask. This operation filled enclosed holes without altering the outer boundary of 260 

the brain mask (Figure 2.2B). The corrected brain mask was used for diffusion tensor fitting. 261 

Diffusion tensor fitting was performed using the TensorModel class from the 262 

dipy.reconst.dti module (Garyfallidis et al., 2014). The diffusion gradient directions and 263 
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corresponding b-values were combined into a GradientTable object using the 264 

gradient_table() function. The resulting GradientTable was used to fit the tensor model 265 

to the preprocessed diffusion data within the corrected brain mask. 266 

The diffusion tensor model is based on the Stejskal-Tanner equation (Stejskal & Tanner, 1965) 267 

and the tensor formulation (Basser et al., 1994) : 268 

                                           S = S₀ exp(−b gᵀ D g)..............................................................Eq (1) 269 

where S is the diffusion-weighted signal, S₀ is the non-diffusion-weighted (b = 0) signal, b is 270 

the diffusion weighting factor, g is the unit gradient direction vector, and D is the 3 × 3 diffusion 271 

tensor. 272 

The fitted tensor was used to derive the fractional anisotropy (FA) map, the primary 273 

eigenvectors, and the diagonal tensor elements (Dxx, Dyy, and Dzz), representing diffusivity 274 

along the image x-, y-, and z-axes, respectively. Negative values of Dxx, Dyy, and Dzz were set 275 

to zero using the np.clip() function. Mean FA and MD were used as quality-control 276 

measures for the tensor fit. 277 

2.5 Centrum Semiovale Slice Selection 278 

 279 

Figure 2.3. Directionally encoded colour (DEC) fractional anisotropy map at the centrum 280 

semiovale slice used for DTI-ALPS ROI placement. Panel A: fractional anisotropy (FA) 281 

map of the slice in greyscale. Panel B: the same slice as a DEC-FA map, where voxel 282 

colour reflects the primary eigenvector direction weighted by FA: red indicates fibres 283 

running left-right, the orientation of the perivascular space; green indicates association 284 

fibres (anterior-posterior); and blue indicates projection fibres (superior-inferior). The 285 

expected pattern, a red projection tract flanked by green association regions, confirms 286 

correct slice selection. 287 

The DTI-ALPS index is calculated from ROIs positioned in the centrum semiovale, a region 288 

of dense white matter superior to the lateral ventricles (Taoka et al., 2017). The centrum 289 
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semiovale slice must therefore be selected carefully for DTI-ALPS index calculation. After 290 

tensor fitting, an FA slice grid was created showing all axial slices of the native-space volume. 291 

The centrum semiovale was identified on the axial slices of the MRI as the highest slice with 292 

a continuous ring of bright white matter, without the dark "butterfly"-shaped cavity of the 293 

lateral ventricles. This slice was manually recorded as CENTRUM_SEMIOVALE_SLICE. 294 

The manually selected native-space slice was then compared with the standard MNI coordinate 295 

used for ROI placement. In this map, projection fibres appear blue (superior-inferior), 296 

association fibres appear green (anterior-posterior), and subcortical fibres running in the left-297 

right direction, the orientation along which the perivascular space itself runs, appear red as seen 298 

in figure 2.3.  A lateral blue projection fibre tract flanked by green association fibre regions 299 

was expected at the proper centrum semiovale level, indicating anatomical appropriateness of 300 

the slice at which the ALPS ROIs were placed. 301 

2.6 Registration to MNI Standard Space 302 

 303 

Figure 2.4: Registration quality control for a representative subject. Panel A: the 304 

FMRIB58_FA_1mm template. Panel B: the subject's FA map after four-stage registration 305 

(translation, rigid, affine, symmetric diffeomorphic registration) to the template. Panel C: 306 

the voxel-wise absolute difference between the registered subject FA map and the template, 307 

with the colour scale indicating the magnitude of residual misalignment. 308 

Registration to a common standard space allows the same MNI coordinates to be used for ROI 309 

placement across subjects, despite differences in brain size, shape, and scanner positioning. 310 

Figure 2.4 shows the FMRIB58_FA_1mm template provided by FSL and created by averaging 311 

the FA maps of 58 healthy subjects in MNI space at an isotropic resolution of 1 mm. Both 312 

Nakaya et al. (2025) and Taoka et al. (2017, 2022) used linear (FSL FLIRT) and nonlinear (FSL 313 

FNIRT) registration. Because FSL is Linux-based, registration in the present study was 314 

performed using dipy.align, a pure-Python implementation suitable for Windows 315 

(Garyfallidis et al., 2014). Registration was carried out in four sequential stages, each initialized 316 

from the result of the preceding stage. The four stages were translation (3 degrees of freedom) 317 

to correct scanner-position offsets; rigid registration (6 degrees of freedom) to correct head tilt 318 

and rotation; full affine registration (12 degrees of freedom) to account for differences in brain 319 

size through scaling and shearing; and symmetric diffeomorphic registration (SDR) to achieve 320 

nonlinear alignment of anatomical features such as ventricle shape, sulcal patterns, and white 321 
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matter tract geometry. Full parameter values for each registration stage are provided in 322 

Supplementary Table S3. 323 

2.7 Axis Orientation Check 324 

The DTI-ALPS index depends on a particular diagonal element of the diffusion tensor because 325 

the numerator of the formula requires diffusivity along the left-right anatomical direction. The 326 

array axis corresponding to the left-right direction is not fixed and is determined by the affine 327 

matrix of the image. Native subject scans do not necessarily share the same axis convention as 328 

the template. The perivascular axis was identified from the template affine only, after the 329 

subject's diffusivity maps (Dxx, Dyy, Dzz) were resampled into template space using 330 

mapping.transform(). Once resampled, these maps follow the template's axis ordering, 331 

independent of the native scan's original orientation. Based on the template's axis codes, the 332 

array axis corresponding to left-right was identified programmatically, and the diffusivity value 333 

at that axis was used as the numerator in the ALPS formula. The anterior-posterior diffusivity 334 

was used as the denominator for the projection-fiber ROIs, and the superior-inferior diffusivity 335 

was used as the denominator for the association-fiber ROIs. This follows the ALPS formulation 336 

reported by Taoka et al. (2017, 2022). 337 

A worked example for a representative subject is provided in Supplementary Table S4. The 338 

assigned axis determines the diffusivity component used for the perivascular-space direction, 339 

even if the left-right axis occupies a different array position. The check identifies only the left-340 

right axis. The remaining two axes are assumed to follow standard NIfTI ordering rather than 341 

being independently verified, and the pipeline has not been tested on templates where this 342 

assumption fails. The same FMRIB58 template object was loaded once and used for 343 

registration across all subjects in the batch pipeline, so the template's axis codes and the 344 

resulting axis assignment were identical for every subject processed. 345 

2.8 ROI Placement and ALPS Index Computation 346 

2.8.1 ROI Coordinates 347 

Four spherical ROIs were located in MNI space at the coordinates shown in (Supplementary 348 

Table S1), corresponding to the projection and association fiber areas bilaterally. The 349 

coordinates were selected based on their established use in the DTI-ALPS literature and were 350 

not independently re-derived in this study. 351 
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 352 

Figure 2.5. Placement of the four DTI-ALPS regions of interest at the standard MNI z = 23 mm 353 

level, shown on the FMRIB58 template. Panel A: the unlabeled template slice. Panel B: 354 

the same slice with the four regions of interest marked and labelled, left and right 355 

projection fibre ROIs (L-Proj, R-Proj) and left and right association fibre ROIs (L-Assoc, 356 

R-Assoc), corresponding to the coordinates listed in Table 2.1. 357 

In MNI space, z = 23 mm was used as the standard centrum semiovale level (Figure 2.5). The 358 

ALPS index was also calculated at a z-coordinate manually selected based on the subject-359 

specific centrum semiovale slice identified in native space, to assess the effect of ROI z-level 360 

on the ALPS index. Each ROI was created as a sphere of radius 2.5 mm centered at the 361 

converted voxel coordinates, resulting in approximately 81 voxels per ROI at 1 mm isotropic 362 

resolution. Mean diffusivity for each sphere was calculated excluding voxels with zero values, 363 

corresponding to background or registration gaps. 364 

2.8.2 ALPS Computation 365 

The ALPS index was calculated bilaterally using the formula devised by Taoka et al. (2017): 366 

             ALPS = mean(Dxx,proj, Dxx,assoc) / mean(Dyy,proj, Dzz,assoc)..........................Eq.(2) 367 

Dxx,proj and Dxx,assoc are the mean left-right diffusivity values in the projection fiber ROI and 368 

association fiber ROI, respectively; Dyy,proj is the mean anterior-posterior diffusivity in the 369 

projection fiber ROI; and Dzz,assoc is the mean superior-inferior diffusivity in the association 370 

fiber ROI. ALPS values were calculated separately for the left and right hemispheres and then 371 

averaged to obtain the final bilateral ALPS index. Higher ALPS values indicate greater relative 372 

diffusivity along the perivascular direction and are generally interpreted as reflecting better 373 

glymphatic function. Lower ALPS values have been associated with reduced glymphatic 374 

function and cognitive decline across CN, MCI, and AD diagnostic groups (Bao et al., 2025; 375 

Nakaya et al., 2025; Taoka et al., 2017). The pipeline was implemented in Python using DIPY, 376 

NumPy, and SciPy (see Supplementary Material Table S5).  Processing required approximately 377 

45 minutes per subject. A complete list of the libraries and functions used at each processing 378 

step, together with runtime and implementation details, is provided in Supplementary Table S6. 379 
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2.9 Statistical Analysis 380 

Baseline absolute ALPS index values across the CN, MCI, and AD diagnostic groups were 381 

compared using both the Kruskal-Wallis test and one-way ANOVA. Epsilon-squared and eta-382 

squared effect sizes were reported for the Kruskal-Wallis test and ANOVA, respectively. 383 

Longitudinal change scores (%ALPS change, annualized %ALPS change, and %MMSE 384 

change) between the Stable MCI and MCI-to-AD subgroups were first assessed using Levene's 385 

test for variance homogeneity. Welch's t-test (unequal variance) and the Mann-Whitney U test 386 

were then applied in parallel, with Cohen's d and its 95% confidence interval reported as 387 

standardized effect sizes. 388 

The association between %ALPS change and %MMSE change was assessed using both 389 

Pearson's r and Spearman's ρ, each reported with a 95% confidence interval, R², and p-value. 390 

Group overlap between adjacent diagnostic and trajectory groups was quantified as the 391 

percentage of one group's values falling within the full range of the comparison group and, 392 

separately, within its IQR. The same metric was applied to the absolute baseline ALPS index 393 

and to the %ALPS and %MMSE change scores, allowing overlap to be compared directly. 394 

Single-predictor discrimination of conversion status (Stable MCI vs. MCI-to-AD) was 395 

evaluated using receiver operating characteristic (ROC) analysis. The optimal cut point was 396 

selected by maximizing Youden's index, and 95% confidence intervals for AUC were obtained 397 

using bootstrap resampling. A logistic regression model combining %ALPS change and 398 

%MMSE change as standardized predictors was fit to assess their combined discrimination and 399 

independent contributions, with standardized coefficients, standard errors, z-statistics, p-400 

values, and odds ratios (95% CI) reported for each term. Combined-model discrimination was 401 

evaluated using leave-one-out cross-validation (LOOCV), and AUC differences between the 402 

combined and single-predictor models were tested via paired bootstrap resampling. For 403 

robustness, the combined model was refit after iteratively removing the most extreme subjects. 404 

AUC was recomputed after each removal to determine whether individual cases influenced the 405 

classification result. 406 

3. Results 407 

3.1 Pipeline Validation and Denoising Comparison 408 

MP-PCA denoising was evaluated using a representative subset of 23 DTI scans. With the 409 

denoising step included, the ALPS index could be computed for 13 of the 23 scans at both the 410 

z = 23 mm and z = 28 mm coordinates. For the remaining 10 scans, ALPS computation could 411 

not be performed because black spot artifacts were present within the region of interest (ROI). 412 

When the denoising step was removed, the yield increased substantially. A valid index was 413 

obtained for 22 of 23 scans (95.7%) at z = 23 mm and for all 23 scans (100%) at z = 28 mm. 414 

Only one scan (subject 021_S_4254, image I273272) continued to show black-spot artifacts 415 

within the ROI at the z = 23 mm coordinate after denoising was removed.(See supplementary 416 

material, Table S2) 417 

For scans in which the ALPS index could be computed using both processing pipelines, the 418 

computed ALPS differed only slightly between the denoised and non-denoised datasets. 419 
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Removal of the denoising step also reduced the occurrence of black spot artifacts within the 420 

ROI, allowing ALPS indices to be computed for more scans. Based on these observations, MP-421 

PCA denoising was excluded from the final processing pipeline used for all subsequent 422 

analyses. 423 

3.2 Baseline (absolute) ALPS overlap across diagnostic groups 424 

Before examining longitudinal changes, the absolute ALPS index at baseline was characterized 425 

according to each subject's baseline diagnosis: Cognitively Normal (CN), Mild Cognitive 426 

Impairment (MCI), or Alzheimer’s Disease (AD). Trajectory-defined subgroups, such as MCI-427 

to-AD converters, CN-to-AD converters, CN-to-MCI converters, and diagnostic reversals, 428 

were not used at this stage. These categories depend on the subject's subsequent clinical course 429 

and, therefore, were not known at baseline. The baseline analysis was consequently restricted 430 

to CN, MCI, and AD. 431 

Table 3.1. Descriptive statistics for the absolute single-timepoint DTI-ALPS index at baseline, by 432 

diagnostic group (CN, MCI, AD). 433 

Group N Mean SD Median Q1 Q3 Min Max 

CN 68 1.327 0.199 1.361 1.205 1.457 0.73 1.729 

MCI 92 1.336 0.195 1.335 1.213 1.451 0.946 2.004 

AD 13 1.094 0.169 1.1 0.989 1.251 0.797 1.379 

Table 3.1 shows that the AD group (N = 13) was substantially smaller than the CN (N = 68) 434 

and MCI (N = 92) groups. Estimates involving the AD group, particularly comparisons between 435 

AD and the other diagnostic groups, should therefore be interpreted cautiously given the 436 

smaller sample size. The CN (n = 68) and MCI (n = 92) groups showed similar central 437 

tendencies, with mean ALPS indices of 1.327 and 1.336 and median values of 1.361 and 1.335, 438 

respectively. The AD group (n = 13) showed lower mean and median ALPS indices of 1.094 439 

and 1.100, respectively. However, these group-level differences do not indicate whether ALPS 440 

values can distinguish individual subjects across diagnostic groups. Baseline MMSE was not 441 

available for as many subjects as baseline ALPS index (CN: n=61 vs. n=68; MCI: n=74 vs. 442 

n=92; AD: n=13 for both), reflecting incomplete baseline neuropsychological data for some 443 

subjects with a computable baseline ALPS value.  444 

The same methodology was used to quantify group overlap at baseline and in the longitudinal 445 

change scores. Group overlap was defined as the percentage of individual values from one 446 

group that fell within the full range and, separately, within the interquartile range (IQR) of an 447 

adjacent group. Using the same definition allows overlap values from the baseline and 448 

longitudinal analyses to be compared directly. 449 

At baseline, absolute DTI-ALPS index values overlapped substantially between adjacent 450 

diagnostic groups. Between CN and MCI, 95.6% of CN subjects' values fell within the full 451 

range of MCI values, and 96.7% of MCI subjects' values fell within the full range of CN values; 452 

restricting the comparison to the interquartile range, 45.6% of CN values fell within the MCI 453 
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IQR, and 52.2% of MCI values fell within the CN IQR. Between MCI and AD, full-range 454 

overlap remained substantial (62.0% of MCI values fell within the AD range; 84.6% of AD 455 

values fell within the MCI range), while IQR-based overlap was lower and more symmetric 456 

(30.4% of MCI values fell within the AD IQR; 30.8% of AD values fell within the MCI IQR). 457 

Baseline MMSE scores showed a similar pattern of overlap between adjacent diagnostic 458 

groups, with greater overlap between CN and MCI than between MCI and AD (Table 3.2). 459 

Table 3.2. Overlap in absolute baseline MMSE score between adjacent diagnostic groups (CN vs. MCI, 460 

MCI vs. AD), using the same range and interquartile-range overlap metric applied to baseline DTI-461 

ALPS index. 462 

Comparison Group % Within Adjacent Range % Within Adjacent IQR 

CN vs MCI CN 100 52.5 

CN vs MCI MCI 100 52.7 

MCI vs AD MCI 47.3 2.7 

MCI vs AD AD 53.8 7.7 

To assess whether the baseline values differed across diagnostic categories, both the Kruskal-463 

Wallis test and one-way ANOVA were applied to baseline ALPS and baseline MMSE (Table 464 

3.3). Both tests indicated a statistically significant difference among the baseline ALPS values 465 

of the CN, MCI, and AD groups (Kruskal-Wallis H = 15.15, p = 0.000513; one-way ANOVA 466 

F = 8.991, p = 0.000194).  467 

Table 3.3. Kruskal-Wallis and one-way ANOVA comparison of absolute baseline DTI-ALPS index and 468 

MMSE score across CN, MCI, and AD, with epsilon-squared and eta-squared effect sizes. 469 

Variable Test Statistic p 
Effect Size 
Measure 

Effect 
Size 

Effect Size 
Label 

Absolute Baseline 
DTI-ALPS Index 

Kruskal-
Wallis 

15.15 0.0005 
epsilon-
squared 

0.088 medium 

Absolute Baseline 
DTI-ALPS Index 

One-way 
ANOVA 

8.991 0.0002 eta-squared 0.096 medium 

Absolute Baseline 
MMSE Score 

Kruskal-
Wallis 

43.9 <0.001 
epsilon-
squared 

0.299 large 

Absolute Baseline 
MMSE Score 

One-way 
ANOVA 

76.563 <0.001 eta-squared 0.514 large 

The baseline ALPS index values differed significantly among the diagnostic groups, while 470 

substantial overlap remained between individual subjects across all three groups. Figure 3.1 471 

shows the absolute baseline ALPS index as a boxplot with individual subject values overlaid, 472 

illustrating the extent of overlap between diagnostic groups. Similarly, Figure 3.2 shows the 473 

corresponding boxplot of baseline MMSE scores by diagnostic group. 474 



16 

 

 475 

 476 

Figure 3.1. Distribution of absolute baseline DTI-ALPS index by diagnostic group (CN, MCI, 477 

AD). Boxes show the median and interquartile range; individual subject values are overlaid 478 

to show the extent of overlap between groups. 479 

 480 

Figure 3.2. Distribution of absolute baseline MMSE score by diagnostic group (CN, MCI, AD). 481 

Boxes show the median and interquartile range; individual subject values are overlaid to 482 

show the extent of overlap between groups.  483 
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3.3 Sample accounting 484 

The available sample sizes for the Stable MCI and MCI-to-AD converter subgroups are 485 

reported first because they determine the sample sizes used in the subsequent analyses. Among 486 

the subjects eligible for the Stable MCI versus MCI-to-AD comparison, 68 had a computable 487 

%ALPS change value, 52 had a computable %MMSE change value, and 52 had both measures 488 

available. The lower availability of %MMSE change compared with %ALPS change reflects 489 

incomplete longitudinal cognitive test follow-up in a subset of subjects for whom imaging 490 

follow-up was available. Accordingly, analyses from Section 3.7 onward that directly compare 491 

or jointly model %ALPS change and %MMSE change are restricted to this common subsample 492 

of n = 52. Analyses of %ALPS change alone in Sections 3.4-3.6 and 3.8 use the full sample of 493 

N = 68 where applicable.  494 

 3.4 Descriptive statistics for %ALPS change and %MMSE change 495 

Longitudinal percentage changes in the ALPS index and MMSE score from baseline to follow-496 

up were compared between subjects classified as Stable MCI (n = 36 for %ALPS change; n = 497 

30 for %MMSE change) and those who converted from MCI to AD (n = 32 for %ALPS change; 498 

n = 22 for %MMSE change) during the available follow-up period. Full descriptive statistics 499 

for both variables and groups are presented in Table 3.4. 500 

Table 3.4. Descriptive statistics for percentage change from baseline in DTI-ALPS index and MMSE 501 

score, comparing Stable MCI and MCI-to-AD subjects. 502 

Variable Group N 
Mean (SD) [95% 

CI] 
Median [Q1, 

Q3] 
Range [Min, 

Max] 

% ALPS 
Change 

Stable 
MCI 36 

-0.45 (6.40) [-2.66, 
1.67] -0.41 [-4.68, 3.5] [-15, 14.92] 

% ALPS 
Change 

MCI to 
AD 

32 
-5.64 (10.09) [-9.27, -

2] 
-5.5 [-14.20, 

1.832] [-22.3, 13.7] 

MMSE % 
Change 

Stable 
MCI 30 

-2.87 (7.39) [-5.63, -
0.11] 0 [-3.45, 0] [-21.43, 7.692] 

MMSE % 
Change 

MCI to 
AD 

22 
-16.26 (11.84) [-21.51, 

-11.01] 
-16.33 [-25.40, -

10] [-38.46, 3.704] 

On average, the MCI-to-AD group showed greater decline than the Stable MCI group on both 503 

measures. The mean decline in ALPS index was approximately 5.1 percentage points greater 504 

in the MCI-to-AD group (-5.637% vs. -0.5%), while the mean decline in MMSE score was 505 

approximately 13.4 percentage points greater (-16.259% vs. -2.868%). The Stable MCI group 506 

had a median %MMSE change of 0.000, indicating that at least half of the subjects in this group 507 

showed no net change in MMSE score over the follow-up period. In contrast, the MCI-to-AD 508 

group had a median %MMSE change of -16.333%, indicating a substantial decline in MMSE 509 
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score. Figure 3.3 shows paired boxplots of %ALPS change and %MMSE change for the two 510 

groups, with individual subject values overlaid.  511 

 512 

Figure 3.3. Percentage change from baseline, by group (Stable MCI vs. MCI-to-AD). 513 

Panel A: DTI-ALPS index. Panel B: MMSE score. Boxes show the median and 514 

interquartile range; individual subject values are overlaid 515 

3.5 Overlap quantification for change scores 516 

For comparison with the baseline overlap analysis in Section 3.2, the proportion of Stable MCI 517 

subjects whose decline was at least as large as the median decline observed in the MCI-to-AD 518 

group was calculated separately for %ALPS change and %MMSE change (Table 3.5).  519 

Table 3.5. Percentage of Stable MCI subjects whose percentage change from baseline, in DTI-ALPS 520 

index and MMSE score, respectively, was at least as large in magnitude as the median decline observed 521 

in the MCI-to-AD group. 522 

Variable MCI-to-AD Median N (Stable MCI) % Stable MCI as Extreme 

% ALPS Change -5.5 36 19.4 

MMSE % Change -16.333 30 10 

Only 19.4% of Stable MCI subjects showed a %ALPS decline at least as large as the median 523 

decline in the MCI-to-AD group, while 10.0% showed a %MMSE decline at least as large as 524 

the corresponding MCI-to-AD median. Both proportions were lower than the baseline overlap 525 

fractions reported in Section 3.2, where overlap between adjacent diagnostic groups ranged 526 

from 62% to 97%, depending on the comparison and metric. 527 

Sections 3.2 and 3.5 compare absolute baseline values with longitudinal change. Substantial 528 

overlap was observed between diagnostic groups when the absolute, single-timepoint ALPS 529 

index was considered, whereas the overlap was lower when decline was measured relative to 530 

each subject’s baseline. These findings suggest that within-subject longitudinal change 531 
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provides information that is less apparent from a single cross-sectional ALPS measurement 532 

when comparing Stable MCI with MCI-to-AD converters. 533 

3.6 Group comparison for significance testing 534 

Statistical comparisons of %ALPS change and %MMSE change between the Stable MCI and 535 

MCI-to-AD groups were performed using both parametric and non-parametric approaches 536 

because the data showed non-normal distributions and unequal variances. For each variable, 537 

Table 3.6 reports the mean difference between groups with its 95% confidence interval, Welch's 538 

t-test (unequal-variance t-test), Levene's test for homogeneity of variance, Mann-Whitney U 539 

test, and Cohen's d with its 95% confidence interval and plain-language effect-size label. 540 

Levene's test was used to assess variance homogeneity and support the use of Welch's t-test 541 

rather than Student's t-test. 542 

Comparison of subjects with missing baseline or follow-up MMSE data (n = 16) against 543 

complete cases (n = 52), across the three primary outcome variables, can be seen in 544 

S7(Supplementary material). For each variable, the median value among subjects with missing 545 

MMSE is compared to the median among complete cases using the Mann-Whitney U test to 546 

assess whether subjects with missing MMSE data differ systematically from those with 547 

complete data. None of the three comparisons reached significance (all p > 0.05), indicating no 548 

evidence that MMSE missingness was associated with %ALPS change, annualized %ALPS 549 

change, or years of follow-up, consistent with data missing at random with respect to these 550 

variables rather than a systematic pattern of missingness. 551 

Table 3.6. Statistical comparison of %ALPS change and %MMSE change between Stable MCI and 552 

MCI-to-AD subjects, including the mean difference with 95% confidence interval, Welch's t-test, 553 

Levene's test for variance homogeneity, the Mann-Whitney U test, and Cohen's d with 95% confidence 554 

interval and effect-size label. Values in brackets indicate 95% confidence intervals, except where noted 555 

as p-values; the t-statistic, U-statistic, and Levene's statistic are each followed by their corresponding 556 

p-value in brackets. 557 

Variable 
Mean Diff 
[95% CI] 

Welch's t 
[p] 

Levene's 
Stat [p] 

Mann-
Whitney U [p] 

Cohen's d [95% 
CI], label 

% ALPS 
Change 

5.142 [0.971, 
9.312] 

2.475 
[0.0167] 

8.691 
[0.0044] 753 [0.0301] 0.617 [0.129, 

1.104], medium 

MMSE % 
Change 

13.392 [7.567, 
19.216] 

4.679 
[<0.001] 

4.61 
[0.0367] 538.5 [0.0001] 1.407 [0.794, 

2.021], large 

For both variables, Levene's test indicated unequal variances between the groups (p = 0.0044 558 

for %ALPS change; p = 0.0367 for %MMSE change), supporting the use of Welch's t-test 559 

rather than the standard Student's t-test, which assumes equal variances. Both %ALPS change 560 

and %MMSE change differed significantly between the Stable MCI and MCI-to-AD groups in 561 

both the parametric (Welch's t-test) and non-parametric (Mann-Whitney U) analyses. 562 
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For %ALPS change, the mean difference was 5.142 percentage points (95% CI: 0.971–9.312; 563 

Welch's t = 2.475, p = 0.0167; Mann-Whitney U = 753, p = 0.0301), corresponding to a medium 564 

effect size (Cohen's d = 0.617, 95% CI: 0.129–1.104). For %MMSE change, the mean 565 

difference was 13.392 percentage points (95% CI: 7.567–19.216; Welch's t = 4.679, p < 0.001; 566 

Mann-Whitney U = 538.5, p = 0.0001), corresponding to a large effect size (Cohen's d = 1.407, 567 

95% CI: 0.794-2.021). 568 

3.7 Correlation between %ALPS change and %MMSE change 569 

The association between %ALPS change and %MMSE change was assessed among the n = 52 570 

subjects with both measures available (Section 3.3), using both Pearson's r (linear association) 571 

and Spearman's rho (monotonic, rank-based association), each with a 95% confidence interval, 572 

the coefficient of determination (R²), and a significance test (Table 3.7). 573 

Table 3.7. Pearson and Spearman correlation between %ALPS change and %MMSE change among the 574 

52 subjects with both measures available, with 95% confidence intervals, coefficient of determination 575 

(R²), and significance tests. 576 

Method N r 95% CI Low 95% CI High R² (%) p 

Pearson 52 0.204 -0.073 0.452 4.2 0.1463 

Spearman 52 0.144 -0.134 0.401 2.1 0.3089 

Both correlation coefficients were weak in magnitude and neither reached statistical 577 

significance (Pearson r = 0.204, 95% CI: -0.073 to 0.452, R² = 4.2%, p = 0.1463; Spearman ρ 578 

= 0.144, 95% CI: -0.134 to 0.401, R² = 2.1%, p = 0.3089). Given the weak correlation between 579 

the two measures, %ALPS change and %MMSE change were evaluated jointly in the logistic 580 

regression model described in Section 3.9. Figure 3.4 shows the relationship between %ALPS 581 

change and %MMSE change as a scatter plot, with individual subjects colored by diagnostic 582 

trajectory group. The fitted regression line and 95% confidence band illustrate the weak 583 

association and substantial scatter between the two measures, consistent with the correlation 584 

results reported in Table 3.7.  585 
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 586 

Figure 3.4. Relationship between %ALPS change and %MMSE change (n = 52), one point per 587 

subject, coloured by diagnostic trajectory group (Stable MCI, MCI-to-AD). The 588 

dashed line shows the fitted ordinary least squares regression (Pearson r = 0.20), 589 

illustrating the weak, non-significant association reported in Table 3.7. 590 

3.8 Single Predictor Discrimination: ROC/AUC Analysis 591 

The ability of each change score to discriminate MCI-to-AD converters from Stable MCI 592 

subjects was evaluated using receiver operating characteristic (ROC) analysis. For each 593 

predictor, Table 3.8 reports the area under the curve (AUC), the optimal cut point (identified 594 

by maximizing Youden's index), sensitivity, specificity, positive predictive value (PPV), 595 

negative predictive value (NPV), overall accuracy, and the confusion-matrix counts.    596 

Table 3.8. Classification performance of %ALPS change and %MMSE change, evaluated separately, 597 

for distinguishing MCI-to-AD converters from Stable MCI subjects. 598 

Predictor N AUC 
Cut 

point Sensitivity Specificity PPV NPV Acc TP FP FN TN 

% ALPS 
Change 

68 0.654 -8.37 0.406 0.917 0.812 0.635 0.676 13 3 19 33 

MMSE % 
Change 

52 0.816 -3.704 0.818 0.767 0.72 0.852 0.788 18 7 4 23 

%ALPS change alone achieved modest discrimination (AUC = 0.654), with high specificity 599 

(0.917) but low sensitivity (0.406) at its optimal cut point of -8.37. %MMSE change alone 600 

achieved substantially stronger discrimination (AUC = 0.816), with a more balanced sensitivity 601 

(0.818) and specificity (0.767) at its optimal cut point of -3.704%. The 95% confidence 602 
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intervals for the AUC estimates were obtained using bootstrap resampling for each predictor 603 

(Supplementary material Table S8). The 95% confidence interval for %ALPS change (0.514-604 

0.783) includes the 0.5 no-discrimination threshold, whereas the interval for %MMSE change 605 

(0.681-0.930) lies entirely above it. This is consistent with %MMSE change showing stronger 606 

single-predictor discrimination. Figure 3.5 shows the ROC curves for the two predictors with 607 

their AUC values, allowing direct comparison of their discriminative performance across the 608 

range of cut points. 609 

 610 

Figure 3.5. Receiver operating characteristic (ROC) curves for %ALPS change and %MMSE change 611 

as single predictors of MCI-to-AD conversion, with AUC values labeled and the chance-612 

level diagonal (AUC = 0.50) shown for reference. 613 

3.9. Combined logistic regression model, ALPS change and MMSE change as joint 614 

predictors of conversion 615 

Because %ALPS change and %MMSE change showed only a weak, non-significant correlation 616 

with one another (Section 3.7), a logistic regression model combining both predictors was fit 617 

to evaluate their joint discriminative performance and independent contributions to conversion 618 

status.  619 

(a) Combined classification performance: The combined model was evaluated using leave-620 

one-out cross-validation (LOOCV) to reduce the risk of overfitting, given the modest sample 621 

size. Results are reported alongside the two single-predictor models using the same metrics as 622 

in Section 3.8 (Table 3.9). 623 
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Table 3.9. Classification performance of the combined logistic regression model (leave-one-out cross-624 

validation), shown alongside the two single-predictor models from Table 3.8 for direct comparison. 625 

Predictor N AUC 
Cut 

point 
Sensi
tivity 

Speci
ficity 

PPV NPV Acc TP FP FN TN 

% ALPS 
Change 

68 0.654 -8.37 0.406 0.917 0.812 0.635 0.676 13 3 19 33 

MMSE % 
Change 

52 0.816 
-

3.704 
0.818 0.767 0.72 0.852 0.788 18 7 4 23 

Combined 
(LOOCV) 52 0.809 0.41 0.818 0.833 0.783 0.862 0.827 18 5 4 25 

The combined model achieved an AUC of 0.809 under LOOCV, with a sensitivity of 0.818, a 626 

specificity of 0.833, and an overall accuracy of 0.827. It had the highest accuracy among the 627 

three models, while its sensitivity matched that of %MMSE change alone, and its specificity 628 

was higher than %MMSE change alone (0.833 vs. 0.767), though lower than %ALPS change 629 

alone (0.917)." 630 

(b) Independent contribution of each predictor: The independent contribution of each predictor 631 

was assessed using standardized logistic regression coefficients, standard errors, z-statistics, p-632 

values, and odds ratios with 95% confidence intervals for each term in the joint model (Table 633 

3.10). 634 

Table 3.10. Standardized coefficients from the combined logistic regression model of %ALPS change 635 

and %MMSE change predicting conversion status, with standard errors, z-statistics, p-values, and odds 636 

ratios with 95% confidence intervals. 637 

Term Coef. (SE) [95% CI] z (p) Odds Ratio [95% CI] 

Constant -0.2884 (0.3686) [-1.0108, 0.4341] -0.7823 (0.434) 0.7495 [0.3639, 1.5435] 

% ALPS change -0.8156 (0.4074) [-1.6142, -0.0171] -2.0019 (0.0453) 0.4424 [0.1991, 0.9831] 

% MMSE change -1.618 (0.4688) [-2.5369, -0.6992] -3.4515 (0.0006) 0.1983 [0.0791, 0.497] 

Both standardized predictors remained statistically significant in the joint model: ALPSz (β = 638 

-0.8156, SE = 0.4074, z = -2.0019, p = 0.0453, OR = 0.4424, 95% CI: 0.1991-0.9831) and 639 

MMSEz (β = -1.6180, SE = 0.4688, z = -3.4515, p = 0.0006, OR = 0.1983, 95% CI: 0.079-640 

0.4970).  641 

The improvement in overall discriminative performance was assessed separately by comparing 642 

the combined model's AUC with the AUC of each single-predictor model using paired 643 

bootstrap resampling (Table S8, Supplementary material).  Neither AUC difference reached 644 

statistical significance: the combined model's AUC exceeded that of %ALPS change alone by 645 

0.117 (95% CI: -0.037 to 0.289, p = 0.14) and was essentially indistinguishable from %MMSE 646 

change alone, differing by only -0.007 (95% CI: -0.094 to 0.076, p = 0.86). These findings do 647 

not contradict the results in Table 3.10 because the two analyses address different questions. 648 

The coefficient analysis evaluates each predictor's contribution after accounting for the other 649 

predictor, whereas the AUC comparison evaluates overall discriminative performance. Thus, 650 



24 

 

the statistical significance of an individual predictor does not necessarily imply a significant 651 

improvement in overall AUC.  652 

Figure 3.6 shows the ROC curves for %ALPS change alone, %MMSE change alone, and the 653 

combined LOOCV model, with AUC values labeled (see Table S9). The curves show the near-654 

overlap between the %MMSE-alone and combined-model curves and the greater separation of 655 

the %ALPS-alone curve. 656 

 657 

Figure 3.6. Receiver operating characteristic (ROC) curves for %ALPS change alone, %MMSE change 658 

alone, and the combined logistic regression model (leave-one-out cross-validation), with 659 

AUC values labeled and the chance-level diagonal (AUC = 0.50) shown for reference 660 

(Table S9). 661 

3.10 Robustness check 662 

To evaluate whether the combined model's classification performance (Section 3.9(a)) was 663 

disproportionately driven by a small number of extreme subjects, the model was refit after 664 

iteratively removing the most extreme cases and recomputing AUC (Table S10). 665 

Removing the two most extreme subjects changed the combined model's AUC by only -0.009 666 

(from 0.809 to 0.800), and removing the four most extreme subjects changed it by only -0.035 667 

(to 0.774). In both cases, the resulting AUC remained within the range of the model's bootstrap 668 

confidence interval (0.662-0.935; Table S9). The AUC remained close to its original value after 669 

removing these subjects, suggesting that the joint-model result reported in Section 3.9(a) was 670 

not driven by a small number of extreme cases. 671 
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4. Discussion 672 

Within subjects with baseline MCI, both percentage change in DTI-ALPS index and percentage 673 

change in MMSE score differed significantly between those who remained diagnostically 674 

stable and those who converted to Alzheimer's disease (Table 3.6), and both measures remained 675 

independently associated with conversion status when modelled together (Table 3.10). We 676 

evaluated the combined model's predictive performance using leave-one-out cross-validation, 677 

refitting it 52 times, each time withholding one subject and predicting their outcome from the 678 

remaining 51. Under this approach, the combined model reached an AUC of 0.809, against 679 

0.816 for %MMSE change alone, a difference of -0.007 (95% CI: -0.094 to 0.076, p = 0.86; 680 

Table S9). That confidence interval spans zero, so the two models' discrimination is statistically 681 

indistinguishable. Adding %ALPS change did not measurably sharpen classification beyond 682 

what %MMSE change already provided. This should not be read as %ALPS change lacking 683 

biomarker value. It only means that, at this sample size, ALPS change did not outperform, or 684 

add measurably to, a simple cognitive measure for this specific task. 685 

The clearest methodological contribution of this study is the contrast between absolute, single-686 

timepoint ALPS values and change-from-baseline values. At baseline, ALPS overlapped 687 

substantially across CN, MCI, and AD, even though the overall group difference was 688 

statistically significant (Table 3.3). Percentage ALPS change, by contrast, separated Stable 689 

MCI from MCI-to-AD with a medium effect size (Table 3.6). Together, these results support 690 

the premise this study set out to test: change in ALPS over time carries more diagnostic 691 

information than a single measurement does. A cross-sectional ALPS reading is a weak 692 

discriminator of diagnostic status; the same measurement, reframed as a within-subject 693 

trajectory, is not. 694 

This reframing helped ALPS more than it helped MMSE. %MMSE change separated the two 695 

groups more cleanly, with a large rather than medium effect size (Cohen's d = 1.407, 95% CI: 696 

0.794-2.021; Table 3.6), and only 10.0% of Stable MCI subjects showed MMSE decline as 697 

extreme as the MCI-to-AD group's median, against 19.4% for ALPS (Table 3.5). MMSE was 698 

already a fairly strong discriminator even at baseline, so there was less room for the change-699 

score reframing to improve it. This asymmetry suggests the shift from baseline to change 700 

specifically rescues ALPS as a usable marker, rather than being a general improvement any 701 

variable would get from the same treatment. 702 

Among the 52 subjects with both measures available, %ALPS change and %MMSE change 703 

were weakly and non-significantly correlated (Pearson r = 0.204, 95% CI: -0.073 to 0.452, p = 704 

0.146; Spearman ρ = 0.144, p = 0.309; Table 3.7), indicating the two markers are not redundant. 705 

This is unlikely to reflect measurement unreliability. More plausibly, ALPS change and MMSE 706 

change capture partially separate components of conversion risk rather than one shared decline 707 

process. The weak correlation also works in the joint model's favour. Had the two predictors 708 

been strongly correlated, their shared significance in the combined logistic regression (Table 709 

3.10) would be harder to trust, since collinearity can distort coefficients and inflate standard 710 

errors. Because the correlation is weak, that concern largely falls away. 711 

The AUC and coefficient results measure different things, which is worth clarifying before 712 

interpreting them together. Under LOOCV, the combined model's AUC was statistically 713 

indistinguishable from %MMSE change alone and only modestly and non-significantly higher 714 
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than %ALPS change alone (0.654, 95% CI: 0.514-0.783; difference = 0.117, p = 0.14; Table 715 

S9). In practical terms, adding ALPS change to the model did not meaningfully improve its 716 

predictions beyond what MMSE change already provided. 717 

Despite this, %ALPS change and %MMSE change both remained independently significant in 718 

the joint model (βALPS = -0.816, p = 0.045; βMMSE = -1.618, p = 0.0006; Table 3.10). These 719 

findings are not actually inconsistent; they answer different questions. AUC measures how well 720 

a model ranks subjects by risk overall. A regression coefficient asks something narrower: once 721 

the MMSE change is already known, does the ALPS change provide additional information? 722 

A predictor can answer yes to the second question without meaningfully improving the first, 723 

particularly at this sample size, where the confidence intervals around AUC are wide relative 724 

to the differences being compared. 725 

Practically, this means %ALPS change may currently be more useful as corroborating or 726 

mechanistic evidence than as something that sharpens a conversion-risk classifier already built 727 

on %MMSE change. That fits the underlying biology: glymphatic dysfunction is thought to be 728 

a distinct contributing pathway, not just a downstream echo of the same cognitive decline 729 

MMSE already tracks. Still, a weak standalone classifier is not the same claim as a weak 730 

biomarker. %ALPS change showed a medium effect size, discriminated converters from stable 731 

subjects better than chance on its own, and stayed significant even after MMSE was accounted 732 

for, three separate signs that this measure carries real information, even if it is not yet strong 733 

enough alone to justify use as a standalone diagnostic tool. 734 

These findings sit naturally alongside Guo et al. (2025), who linked baseline ALPS to AD 735 

diagnosis using a support vector machine (AUC = 0.802 in an ADNI discovery cohort of N = 736 

180, 0.783 in an independent validation cohort of N = 127), to future MMSE trajectory across 737 

the whole cohort (higher baseline ALPS associated with less decline, β = 0.211, p < 0.001), and 738 

to conversion risk via Cox regression (hazard ratio = 0.76 per 0.1-unit increase in baseline 739 

ALPS, 95% CI: 0.61-0.94, p = 0.014). Huang et al. (2024) reported a similar pattern in a 740 

separate ADNI sample, with baseline ALPS predicting later amyloid accumulation, brain 741 

atrophy, and cognitive decline, reinforcing that a baseline-predicts-future design is the field's 742 

dominant approach rather than a choice specific to Guo et al. (2025). This study instead asks 743 

whether change in ALPS and change in MMSE move together and jointly predict conversion, 744 

a trajectory-predicts-trajectory design. The distinction is about which question each design 745 

answers, not which one is better. 746 

Where the two approaches diverge and where they agree is itself informative. Guo et al.'s 747 

(2025) correlation between baseline ALPS and baseline MMSE (r = 0.283, p < 0.001, N = 180; 748 

r = 0.291, p < 0.01, N = 127 in validation) was far more decisive than the %ALPS change-749 

%MMSE change correlation reported here (r = 0.204, p = 0.146, N = 52). Sample size is the 750 

likeliest reason: their cohorts are three to four times larger, and a percentage-change measure 751 

drawn from two timepoints carries more compounded noise than a single baseline reading. 752 

Classification performance tells a different story. Guo et al.'s (2025) SVM reached an AUC of 753 

0.802 in discovery and 0.783 in validation, close to the combined model's 0.809 here (Table 754 

S9). So, the two approaches don't diverge across the board: baseline measurements give more 755 

statistically decisive correlations at this sample size, largely a function of cohort size and 756 

measurement noise, while overall classification performance lands in a similar range for both. 757 
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The present study is best read as complementary to baseline-marker approaches like these, not 758 

a replacement for them; trajectory-based and baseline-based prediction are different, 759 

worthwhile questions, and the two may prove more informative together than either is alone. 760 

The %ALPS change finding fits the broader case that glymphatic dysfunction is a plausible 761 

upstream contributor to disease progression (Iliff et al., 2012; Kamagata, Andica, et al., 2022), 762 

though it doesn't establish that mechanism on its own (Ringstad, 2024). The medium effect size 763 

for %ALPS change (Cohen's d = 0.617; Table 3.6) is consistent with glymphatic decline 764 

contributing to, rather than single-handedly driving, the path from MCI to AD. 765 

5. Limitations 766 

The n = 52 subsample used for the combined-predictor and correlation analyses is modest for 767 

a two-predictor logistic regression; with 22 MCI-to-AD conversions among these 52 subjects 768 

(Table 3.4), that works out to roughly 11 events per predictor, close to the conventional rule-769 

of-thumb minimum of 10. Confidence intervals throughout this subsample, for AUC, the 770 

correlation coefficients, and the joint-model odds ratios, are correspondingly wide and should 771 

be read as genuine estimation uncertainty rather than precise point estimates. 772 

Because %ALPS change and %MMSE change are each computed from two separate 773 

timepoints, both inherit measurement error from both, which likely widens these intervals 774 

further and may partly explain why the change-based results here are less statistically decisive 775 

than the baseline-based results in Guo et al. (2025). Follow-up duration also varied across 776 

subjects, which is why we computed annualized as well as raw percentage change; even so, 777 

variation in the interval over which change is measured can introduce heterogeneity that 778 

annualization does not fully remove. 779 

Subjects missing baseline or follow-up MMSE data (n = 16) did not differ significantly from 780 

complete cases on %ALPS change, annualized %ALPS change, or follow-up duration (all p > 781 

0.05; Table 11), consistent with the missingness being unrelated to these measures. That 782 

comparison cannot rule out missingness tied to MMSE itself or to unmeasured factors, so the 783 

MMSE-based and combined results should be understood as applying to the subset of subjects 784 

with longitudinal MMSE data available, which may not fully represent the broader Stable MCI 785 

and MCI-to-AD population. 786 

Reproducibility work on the ALPS index has found high test-retest reliability only under 787 

matched acquisition geometry (Taoka et al., 2022), and ADNI's multi-site, multi-scanner design 788 

means this condition may not hold uniformly across the present sample, a caveat for how 789 

confidently the observed variance in %ALPS change can be attributed to true biological change 790 

rather than site or scanner effects (Liu et al., 2023; Taoka et al., 2022). This analysis is also 791 

scoped to Stable MCI versus MCI-to-AD subjects specifically; the findings should not be 792 

assumed to generalize to CN-based trajectories or diagnostic reversal cases without separate 793 

testing. Unlike Guo et al.'s (2025) two-cohort design, this study uses ADNI data alone: the 794 

combined model has not been externally validated, and its LOOCV estimate, while a 795 

reasonable safeguard against overfitting, is not a substitute for testing on an independent cohort. 796 

Conversion status itself depends on the diagnostic criteria and follow-up window ADNI applies 797 

at each visit, which carries its own measurement uncertainty separate from the imaging and 798 

cognitive measures examined here. 799 
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6. Conclusions 800 

The percentage change in the DTI-ALPS index from baseline, computed the same way as the 801 

percentage change in MMSE, distinguishes Stable MCI from MCI-to-AD subjects and adds 802 

independent information about conversion status even after accounting for MMSE change. 803 

This is a calibrated finding: it does not claim that ALPS change improves a classifier already 804 

built on MMSE change, only that it carries statistically independent information within the 805 

joint model reported here. 806 

What this study set out to test is now supported by data rather than assumed: absolute baseline 807 

ALPS overlaps substantially across diagnostic groups, while change-from-baseline offers a 808 

cleaner, if still imperfect, separation between Stable MCI and MCI-to-AD. What is reported 809 

here is evidence of association and independent statistical contribution, not a validated clinical 810 

threshold or a classifier ready for individual-level prediction, and the wide confidence intervals, 811 

modest sample size, and lack of external validation together argue against treating these 812 

findings as a clinical decision tool at this stage. 813 

7. Future Directions 814 

These limitations point toward fairly concrete next steps. The most useful would be testing the 815 

combined model in an independent, prospectively followed cohort, which would let the 816 

classification and correlation estimates reported here be checked against a larger sample and 817 

narrow the wide intervals that come with n = 52. It would also be worth testing whether 818 

trajectory-based and baseline-based prediction work better together than either alone, by 819 

combining %ALPS change and %MMSE change with baseline predictors like those used by 820 

Guo et al. (2025) and Huang et al. (2024) in one model. A larger cohort would help on the 821 

diagnostic side, too. Subjects diagnosed with AD at baseline numbered only 13 here, separate 822 

from the larger group who converted to AD during follow-up, so a bigger baseline-AD sample 823 

would clarify how these markers behave once the disease is already established. Multi-shell 824 

diffusion scans, unavailable in this dataset, might also pick up glymphatic changes that standard 825 

single-shell DTI misses. On the pipeline side, the outlier threshold used to exclude subjects and 826 

the registration quality cutoff were set after looking at this data, rather than fixed in advance; 827 

future work would do better to decide these beforehand and check them against manually 828 

reviewed scans. Scanner field strength and acquisition settings also varied across the ADNI 829 

phases used here, so it would help to test directly whether %ALPS change holds up across 830 

scanners and protocols, either by including site as a variable or by validating the pipeline on 831 

already-harmonized data. Finally, since what this study shows is an association and an 832 

independent statistical contribution, not a confirmed biological mechanism, pairing %ALPS 833 

change with other glymphatic markers, CSF clearance measures or PET imaging would help 834 

establish whether it is picking up the same underlying process those methods measure.835 
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