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Abstract

INTRODUCTION: This study aimed to explore the potential of whole brain white mat-

ter patterns as novel neuroimaging biomarkers for assessing cognitive impairment and

disability in older adults.

METHODS:We conducted an in-depth analysis of magnetic resonance imaging (MRI)

and amyloid positron emission tomography (PET) scans in 454participants, focusing on

white matter patterns andwhite matter inter-subject variability (WM-ISV).

RESULTS: The white matter pattern ensemble model, combining MRI and amyloid

PET, demonstrated a significantly higher classification performance for cognitive

impairment and disability. Participants with Alzheimer’s disease (AD) exhibited higher

WM-ISV than participants with subjective cognitive decline, mild cognitive impair-

ment, and vascular dementia. Furthermore, WM-ISV correlated significantly with

blood-based biomarkers (such as glial fibrillary acidic protein and phosphorylated

tau-217 [p-tau217]), and cognitive function and disability scores.
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DISCUSSION: Our results suggest that white matter pattern analysis has signifi-

cant potential as an adjunct neuroimaging biomarker for clinical decision-making and

determining cognitive impairment and disability.

KEYWORDS

cognitive impairment, functional disability, MRI and PET imaging, neurodegeneration, white
matter pattern

Highlights

∙ The ensemble model combined both magnetic resonance imaging (MRI) and amy-

loid positron emission tomography (PET) and demonstrated a significantly higher

classification performance for cognitive impairment and disability.

∙ Alzheimer’s disease (AD) revealed a notably higher heterogeneity compared to that

in subjective cognitive decline, mild cognitive impairment, or vascular dementia.

∙ White matter inter-subject variability (WM-ISV) was significantly correlated with

blood-based biomarkers (glial fibrillary acidic protein and phosphorylated tau-217

[p-tau217]) andwith the polygenic risk score for AD.

∙ White matter pattern analysis has significant potential as an adjunct neuroimag-

ing biomarker for clinical decision-making processes and determining cognitive

impairment and disability.

1 BACKGROUND

Neurodegenerative disorders are characterized by the pathological

deposition of proteins, such as amyloid, tau, alpha-synuclein, and

transactive response DNA-binding protein 43 (TDP-43), in the brain.1

This accumulation leads to functional and structural abnormalities

in the neurons and glial cells of certain brain regions and causes

neurodegenerative disorders such as Alzheimer’s disease (AD), vas-

cular cognitive impairment, Lewy body dementia, and frontotemporal

lobar degeneration.2 These conditions are common causes of cogni-

tive impairment, disability, and dementia in older adults. Mild cognitive

impairment (MCI) could be diagnosed if cognitive impairment was evi-

dent without a clear disability.3 When cognitive decline is paired with

significant daily life disability, the condition is classified as dementia.4

The clinical picture is often enriched with results of brain imaging,

such as amyloid positron emission tomography (PET) and magnetic

resonance imaging (MRI), in conjunction with biomarker findings in

the blood and cerebrospinal fluid, such as amyloid beta protein and

phosphorylated tau-181 (p-tau181) or 217.5,6 This comprehensive

approach allows amore precise estimation of the underlying pathology

in clinical cases ofMCI or dementia.7

The diagnostic processes for dementia present clinical challenges.

First, in the cognitive assessment phase, screening tests designed for

preliminary evaluations often lack sufficient validity and reliability.8,9

In contrast, detailed neuropsychological assessments, which provide

a more comprehensive picture, are expensive and can take almost

2 h, rendering them less feasible for older individuals.10,11 Hence,

supplementary information that can guide decisions in conducting a

comprehensive cognitive assessment is of great clinical value. Second,

determining the level of independence in performing daily functions

among older adults is a complexmatter.12,13 Comprehensive dementia

cohort studies allocate ≈45 min to 1 h to determine the independent

daily functioning of each study participant using the Clinical Dementia

Rating (CDR) scale.14 In addition, a 30-min interview focusing on

instrumental activities of daily living (IADLs) further verifies indi-

vidual independence.15,16 However, such thorough evaluations are

challenging to implement in typical clinical settings, owing to the time

and cost constraints. Moreover, this difficulty is compounded in the

case of older adults living alone, senior couples without children, or

when reliable caregivers are unavailable.17,18 Therefore, additional

data or tools that can assist or provide supplementary insights into

the ability of the patient to live independently are valuable for clinical

assessments.

Recent advances in neuroimaging and reduced testing costs have

led to an increased use of brain MRI and amyloid PET for the diagno-

sis of neurodegenerative diseases.19,20 However, white matter signal

changes identified on MRI or amyloid PET scans associated with

conditions like small vessel disease, neuroinflammation, and hypoper-

fusion, as well as symptoms including cognitive decline, depression,

and disability, have received less attention in research.21–23 Further-

more, emerging evidence points to the heterogeneity of white matter

pathologies.24 To our knowledge, no previous studies have explored

the clinical utility of incorporating signals from thewhitematter in both

brainMRI and amyloid PET.
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This study aimed to determine whether whole brain white matter

patterns, potentially indicative of a heterogeneous pathology includ-

ing cerebrovascular and inflammatory burdens, can predict cognitive

impairment or functional disability in older adults. We analyzed white

matter patterns in each participant across 360 cortical gray matter

regions, defined by cortical connections identified in our previous

research. By employing T2-MRI, amyloid PET, and ensemble imaging,

we evaluated their predictive accuracy for cognitive decline and dis-

ability. Finally, we examined how the heterogeneity of whole brain

white matter patterns varies according to clinical diagnoses and

assessed their potential association with blood-based biomarkers and

clinical characteristics, thereby providing a supplementary perspective

that enhances diagnostic insights and deepens our understanding of

patient pathophysiology in a clinical setting.

2 METHODS

2.1 Participants

This study is a part of the ongoing Biobank Innovations for

Chronic Cerebrovascular Disease With ALZheimer’s Disease Study

(BICWALZS).25 Initiated in October 2016 by the Korea Disease

Control and Prevention Agency, BICWALZS falls under the umbrella

of the Korea Biobank Project, a national effort that is designed to

enhance the foundation of biomedical and health-related research. For

our study, we collaborated with memory clinics from five university-

affiliated hospitals and a community-centered geriatric mental health

center. The individualswho visited specialized neurology or psychiatric

outpatient memory clinics and volunteered to participate in our study

were designated as the study participants. The main goal of this

initiative was to foster, supervise, and optimize the use of human bio-

logical samples in research by leveraging real-world data, particularly

focusing on subjective cognitive decline (SCD), MCI, AD, and vascular

dementia (VaD). Comprehensive evaluations were conducted for

each participant, including clinical reviews, blood tests, and an exten-

sive neuropsychological test suite. A selected group of participants

underwent brainMRI and 18F-flutemetamol amyloid PET scans.

For this study,weapplied the following inclusion criteria: (1) comple-

tion of a clinical interview; (2) completion of neuropsychological tests;

(3) consent to undergo brain MRI scans, with data of sufficient qual-

ity for further analysis; and (4) consent to undergo amyloid PET scans,

withdataof sufficient quality for further analysis. Theexclusion criteria

were: (1) significant hearing or visual impairments affecting interview

participation; (2) potential behavioral-variant frontotemporal lobar

degeneration or Lewy body dementia; (3) a history of neurological

disorders, such as brain tumors, subarachnoid hemorrhage, epilepsy,

encephalitis, or metabolic encephalopathy; (4) psychiatric disorders,

including mental retardation, schizophrenia, bipolar disorder, or other

psychiatric conditions; (5) use of psychoactive substances other than

alcohol; and (6) physical illnesses, such as cancer, renal or hepatic fail-

ure, severe asthma, or chronic obstructive pulmonary disease, which

could interfere with participation in the study.

RESEARCH INCONTEXT

1. Systematic review: The authors reviewed the avail-

able scientific literature and cited relevant publications

related to white matter abnormalities in Alzheimer’s

disease (AD) and blood-based biomarkers for AD.

2. Interpretation: We demonstrated that white matter pat-

terns across AD participants were different from those

in the other groups and were associated with changes in

blood-based biomarkers, polygenic risk scores, cognitive

function, and disability. Our results suggest the impor-

tance of white matter patterns in diagnosing cognitive

impairment and functional disability.

3. Future directions: Further validation through longitudi-

nal data analysis is necessary to determine whether the

white matter inter-subject variability (WM-ISV) can pre-

dict the progression of cognitive impairment or disability.

The BICWALZS trial was recorded in the Korean National Clinical

Trial Registry under the Clinical Research Information Service (identi-

fier: KCT0003391). All the participants and their caregivers provided

written informed consent for participation in this study. This study

was approved by the institutional review board of the Korea Brain

Research Institute (IRB number: KBRI-202206-BR-0001). A more

detailed description of BICWALZSwas published previously.25

2.2 Clinical diagnosis, cognitive function, and
disability assessment

The clinical diagnosis of the study participants was conducted as fol-

lows. The criteria for SCD encompassed reports of cognitive decline

from either the individual or informant, with no detectable impair-

ments in the objective cognitive tests or daily activities. MCI assess-

ment was based on the expanded criteria set forth by the Mayo

Clinic.26 Participants diagnosed with AD were aligned with the foun-

dational clinical criteria proposed by the National Institute on Aging

in collaboration with the Alzheimer’s Association in 2011.27 Finally,

the patients with VaD were assessed according to the major vascu-

lar neurocognitive disorder criteria highlighted in the fifth edition of

the Diagnostic and Statistical Manual of Mental Disorders (DSM-5).28

The cognitive function was assessed using a standardized neuropsy-

chological test battery called the Seoul Neuropsychological Screening

Battery.29 This battery encompasses tests of general cognitive function

and several cognitive domain capacities. The general cognitive func-

tion was assessed using the Mini-Mental State Examination (MMSE).

The verbal memory function was evaluated using the delayed recall

scores from the Seoul Verbal Learning Test. For visuospatial memory,

the delayed recall scores were assessed using the Rey Complex Figure

Test. The depressive symptoms and disability were assessed using the
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Korean Short-FormGeriatric Depression Scale and Seoul Instrumental

Activities of Daily Living, respectively.

2.3 Amyloid PET and MRI data acquisition

The participants underwent PET/computerized tomography (CT) scans

at multiple facilities, following a similar protocol. The participants

received an injection of 18F-flutemetamol into the antecubital vein at

anaveragedoseof185MBq.After a90-min interval, a 20-minPETscan

was conducted. The 18F-flutemetamol PET scans were aligned with

the individual MRI scans and subsequently adjusted to a T1-weighted

MRI template. The amyloid positivity of the participants was evalu-

ated using a visual rating by experienced nuclear medicine specialists

who were blinded to the clinical information of the participants. To

compare amyloiddepositionbetweenparticipants classified as positive

and negative based on visual ratings, we used the standardized uptake

value ratio basedon thepons region; a distinct differencewasobserved

between the two groups (two-sample t-tests, p < 0.0001, Figure S1).

This difference was also evident when using the Centiloid method

with the whole cerebellum as the reference30 (two-sample t-tests,

p < 0.0001). The data from the MRI scans were collected using a 3.0T

MRI scanner. The scans encompassed structural MRI techniques such

as three-dimensional (3D) T1, T2, and T2 fluid-attenuated inversion

recovery (FLAIR) imaging.

2.4 Data processing

In this study, we reanalyzed the T1-weightedMRI, T2-FLAIR, and amy-

loid PET data of 454 participants from the BICWALZS database.25

Detailed information about the participants is presented in Table 1.

We segmented the T1-weighted MRI image of each individual into

gray matter, white matter, and cerebral blood flow in the individual

space using the DARTEL toolbox in SPM12 (https://www.fil.ion.ucl.

ac.uk/spm/software/spm12/).31 The inversenon-linear transformation

derived from individual T1-weighted MRI to the ICBM (International

Consortium for Brain Mapping) template was applied to the white

matter population connection labelmap (pCLM)32 to construct an indi-

vidual pCLM. T2-FLAIR and amyloid PET images were co-registered

to the T1-weighted MRI images. We generated an ensemble image by

multiplying signals from T2-FLAIR and amyloid PET to reflect white

matter hyperintensities and the accumulation of amyloid beta within

the white matter. To extract white matter patterns, T2-FLAIR, amyloid

PET, and ensemble images were overlappedwith the individual pCLM.

2.5 Multimodal classification

We extracted the white matter patterns of each participant from

the T2-FLAIR, amyloid PET, and ensemble images by averaging the

intensity of the 360 cortical connection labels in the white matter (1

model × 360 regions). Using the extracted white matter patterns, we

conducted binary classification using a support vector machine (SVM)

for pairwise comparison. A linear classifier (hyperparameterC= 1)was

trained using the training white matter patterns, and the testing pat-

terns were tested. The leave-one-subject-out cross-validation method

was applied to determine the mean classification accuracy.33–35 For

the statistical comparison of the classification accuracy, we conducted

one-way analysis of variance (ANOVA) and paired Student’s t-tests,

usingBonferroni correction for three tests across themodels (adjusted

p-value= 0.0167(
0.05

3
)). All procedures are summarized in Figure 1.

2.6 Inter-subject variability of white matter
patterns

To test the white matter inter-subject variability (WM-ISV) across the

participants in the SCD, MCI, AD, and VaD groups, we constructed a

representational geometry of white matter patterns by calculating the

pairwise dissimilarity of white matter patterns using the correlation

distance in each group.36

For each participant, the averaged intensities x = {xi = 1,…,360|xi ∈
ROIs}were calculated in theHumanConnectomeProject (HCP) regions

of interest (ROIs). Thewhitematter patterns {Ys}s = 1,…,N correspond to

the average intensitiesYs(x). For the pairwise dissimilarity of the white

matter patterns, the correlation distance dwas defined as follows:

d(x, y) =

√√√√360∑
i

(xi − yi)
2

The WM-ISV of each participant was calculated by averaging the

correlation distance D of that participant to that of the other par-

ticipants within the same group. To statistically evaluate the group

differences in the ISV, we conducted a one-way ANOVA. We then

conducted two-sample Student’s t-tests as post-hoc tests to eval-

uate group differences. For multiple testing, Bonferroni correction

was employed by simply dividing α by the number of tests (adjusted

p-value= 0.0083).

2.7 Statistical analysis of WM-ISV with
blood-based biomarkers, polygenic risk score (PRS),
cognitive function, and disability

Recently, several blood-based biomarkers have been proposed for

studying AD and other neurodegenerative brain disorders.37 Among

them, biomarkers such as p-tau-217, which reflects the extent of phos-

phorylated tau pathology; glial fibrillary acidic protein (GFAP), which is

indicative of non-specific inflammatory tissue reactions; and neurofila-

ment light chain (NfL), which represents the degree of neural damage,

have been validated through extensive research.38 To measure the

blood-based biomarkers, we used an ultrasensitive immunoassay tech-

nology called a single molecular array (Simoa Assay), which allows

the detection of proteins at the lowest possible levels. We also

assessed the polygenic risk score (PRS) for amyloid positivity using our
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6 ROH ET AL.

F IGURE 1 An analysis pipeline for cognitive impairment and functional disability prediction using whole brain white matter patterns. AD,
Alzheimer’s disease; CSF, cerebrospinal fluid; GM, graymatter; HCP, Human Connectome Project; MCI, mild cognitive impairment; pCLM,
connection label map; PET, positron emission tomography; SCD, subjective cognitive decline; T2-FLAIR, T2-weighted fluid-attenuated inversion
recovery; VaD, vascular dementia;WM, white matter.

data set. Finally, we analyzed the possible associations between the

blood-based biomarkers and PRSs with WM-ISV. The values for

GFAP, NfL, and harmonized p-tau217 were obtained. The AD-related

PRS was also obtained as a polygenic risk score. The associa-

tions of the WM-ISV with the blood-based biomarkers and PRSs

were analyzed using correlation analysis. To test the association

between theWM-ISV, cognitive function, and disability, we conducted

a correlation analysis of the WM-ISV with the general cognition,

verbal memory, visuospatial memory, and IADL scores. Finally, to

examine whether the association between the WM-ISV, biomarkers,

and clinical characteristics persisted even when potential covariates

were considered, we performed a generalized linear model analy-

sis and measured the effect size of the WM-ISV using partial eta

squared.

3 RESULTS

3.1 General characteristics of the study
participants

The general characteristics of the 454 study participants are presented

in Table 1, according to their clinical diagnoses. In brief, 70% of par-

ticipants were female, and the median age was 73 years. Statistically

significant differences in demographic and biomarker characteristics

were noted across various neurodegenerative disease stages. Partic-

ipants with SCD were younger than those diagnosed with MCI, AD,

or VaD, without significant sex distribution variations across these

diagnoses. Moreover, participants diagnosed with AD had a higher

prevalence of apolipoprotein E (APOE) ε4 allele carriers than partici-

pants with the other three diagnoses, and participants with VaD had

a higher incidence of diabetes than participants with AD or MCI. The

cognitive and disability measures—including general cognition, verbal

and visuospatial memory, and disability scores—indicated a pattern of

decline moving from SCD throughMCI, AD, and VaD. The blood-based

neuronal injury biomarker, NfL, showed a gradual increase from SCD

to MCI, AD, and VaD. The blood-based inflammatory biomarker GFAP

and tau biomarker p-tau217 exhibited the highest levels in the patients

withAD. In summary, upon assessing the overall demographics, genetic

information, biomarker characteristics, and cognitive function, we

determined that the characteristics of the study participants according

to their clinical diagnoses were highly valid.

3.2 Multi-modal classification results

Figure 2 shows the classification accuracy of cognitive impairment and

functional disability in the patients with neurodegenerative disorders.

Statisticalmodel differenceswere observed in the classification of cog-

nitive impairment (one-way ANOVA: F (1, 2) = 6.4; p = 0.0017). The

ensemblemodel (mean± standard error of themean: 0.8833±0.0151)

showed a significantly higher classification accuracy than did the T2-

FLAIR (0.8392 ± 0.0173, p = 8.1 × 10-4) and amyloid PET models

(0.8348 ± 0.0174, p = 3.3 × 10-4; Figure 2A). However, there was no

significant difference between the T2-FLAIR and amyloid PET images

(p= 0.8058).

Significant model differences were observed in the functional dis-

ability classification (F (1, 2)=4.2; p=0.0154).Moreover, the ensemble

model (0.7775±0.0195) showed significantly higher accuracy than did

the T2-FLAIR model (0.7115 ± 0.0213, p = 0.0035), and a tendency

for statistically significant difference with the amyloid PET model

(0.7401 ± 0.0206; p = 0.0651; Figure 2B). However, there was not

statistically significant difference in the classification accuracy of the

T2-FLAIRmodel relative to that of the amyloid PETmodel (p=0.2637).
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ROH ET AL. 7

F IGURE 2 Prediction of cognitive
impairment and functional disability utilizing
white matter patterns. (A) For the cognitive
impairment, the classification accuracy of the
ensemblemodel was significantly higher than
those of the T2-FLAIR and amyloid PET
models. (B) For the functional disability, the
ensemblemodel showed a significantly higher
classification accuracy compared to those of
the T2-FLAIR and amyloid PETmodels. AD,
Alzheimer’s disease;MCI, mild cognitive
impairment; SCD, subjective cognitive decline;
and VaD, vascular dementia. *indicates
p< 0.005, †indicates p< 0.1.

F IGURE 3 Whitematter inter-subject variability (WM-ISV) derived from the ensemblemodel andWM-ISV differences across the groups. (A)
WM-ISVwas calculated by the pairwise dissimilarity of white matter patterns using the correlation distance in each group. (B) The AD group
demonstrated significantly higherWM-ISV comparedwith the SCD,MCI, and VaD groups. AD, Alzheimer’s disease; MCI, mild cognitive
impairment; SCD, subjective cognitive decline; and VaD, vascular dementia.

3.3 Group differences in WM-ISV

Figure 3 illustrates theWM-ISV calculation and its group comparisons.

ANOVA results revealed a highly significant overall effect (F = 35.3,

p = 1.7 × 10-20), providing strong evidence of differences between the

subject groups.

In the pairwise comparisons, individuals with SCD (mean ± stan-

dard error of the mean: 0.4144± 0.0090) exhibited a highly significant

difference from those with AD (0.5606± 0.0100, p= 2.0 × 10-16), indi-

cating notable differences in their white matter patterns. Similarly, the

comparison between MCI (0.4499 ± 0.0069) and AD demonstrated

a statistically significant difference (p = 7.3 × 10-17), indicating that

white matter patterns in these conditions are unique. Furthermore,

the comparison between AD and VaD (0.4499 ± 0.0135) revealed a

statistically significant difference (p = 4.9 × 10-9), revealing insights

into the variations in the white matter patterns between these related

neurodegenerative diseases. However, it is important to note that

the differences between SCD and MCI (p = 0.0299), SCD and VaD

(p = 0.0285), and MCI and VaD (p = 0.9974) were not statisti-

cally significant after Bonferroni correction for six tests (adjusted

p-value = 0.0083 (
0.05

6
)). In addition, the APOE ε4 allele is a major

genetic risk factor for AD; thus, we investigated whether APOE ε4
allele carriers influence WM-ISV values by examining differences in

WM-ISV between APOE ε4 allele carriers and non-carriers within each
diagnostic group. We found that the WM-ISV was significantly higher

among APOE ε4 allele carriers in the MCI group (two-sample t-tests,

p = 0.0064); no statistically significant differences were observed in

other diagnostic groups.

3.4 Relationship between WM-ISV patterns and
biomarkers

Next, we explored the relationship between theWM-ISV and biomark-

ers of neurodegenerative disorders by performing subgroup analyses

based on disease status, cognitive impairment, and disability (Figure 4).

To assess whether this relationship persisted after adjusting for poten-

tial covariates, we used generalized linear models and estimated

the effect size of the WM-ISV on each biomarker using the partial

eta-squared coefficient (Table 2).

Figure 4 shows the intricate relationships between WM-ISV and

biomarkers in the study participants. In the subgroup analysis based on
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8 ROH ET AL.

F IGURE 4 Associations of white matter inter-subject variability (WM-ISV) with blood-based biomarker and the polygenic risk score. The unit
of GFAP, NfL, and p-tau217 is pg/mL. GFAP, glial fibrillary acidic protein; NfL, neurofilament light.

cognitive impairment, individuals without cognitive impairment (SCD)

showed a significant negative correlation between white matter pat-

terns with GFAP (r = -0.38, p = 0.0162), whereas individuals with

cognitive impairment (MCI, AD, VaD) exhibited positive correlations

(r = 0.27, p = 3.1 × 10-7). Similarly, NfL exhibited a significant negative

correlation in the individuals with SCD (r= -0.46, p= 0.0033) and a sig-

nificant positive correlation in the individuals diagnosedwithMCI, AD,

or VaD (r= 0.18, p= 6.7 × 10-4). This tendency toward correlation was

also observed in p-tau217 (SCD: r = -0.12, p = 0.4315; MCI, AD, VaD:

r = 0.27, p = 1.2 × 10-6) and PRS-AD (SCD: r = -0.14, p = 0.3377; MCI,

AD, VaD: r= 0.33, p= 9.1 × 10-12), indicating significant correlations in

the individuals with MCI, AD, and VaD but not in the individuals with

SCD.

In the subgroup analysis based on functional disability, the GFAP

level significantly positively correlated with WM-ISV in individuals

with functional disabilities (AD, VaD; r = 0.27, p = 0.0025). However,

this correlation was not significant in the individuals with SCD or MCI

(p = 0.7194). Similarly, NfL exhibited a significant positive correla-

tion in the individuals with AD and VaD (p = 0.0250), whereas this

correlation was not significant in the individuals with SCD and MCI

(p = 0.9081). These patterns were observed in p-tau217 (SCD, MCI:

r = 0.10, p = 0.1306; AD, VaD: r = 0.22, p = 0.0113) and PRS-AD (SCD,

MCI: r = 0.13, p = 0.9069; AD, VaD: r = 0.29, p = 3.8 × 10-4). In all

the participants, significant associations were observed between the

WM-ISV and certain biomarkers. In the generalized linear model, after

adjusting for covariates, theWM-ISVwas significantly associated with

plasma GFAP (small effect size, p = 0.006), plasma p-tau217, and PRS-

AD (medium effect size, both p < 0.001). Notably, the association with

the plasmaNfL levels was not significant. In addition, in the association

between biomarkers and WM-ISV in each group, there were signifi-

cant positive correlations betweenWM-ISV and NfL for VaD (r = 0.35,

p = 0.0380), and WM-ISV and PRS-AD for MCI (r = 0.16, p = 0.0095).

Furthermore, the correlation betweenWM-ISV and p-tau217 for MCI

tended to be positive (r= 0.12, p= 0.0911) (Figure S2).
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ROH ET AL. 9

F IGURE 5 Associations of white matter inter-subject variability (WM-ISV) with cognitive function and disability. The unit of general cognition,
verbal memory, and visuospatial memory is the z-score.

3.5 Relationship between WM-ISV patterns and
cognition scores

Finally, we examined the association between the WM-ISV and the

clinical characteristics of the neurodegenerative disorders. This analy-

sis was conducted in a manner similar to that performed in the above

examination of the relationship between WM-ISV and biomarker

characteristics (Figure 5 and Table 2).

Figure 5 presents the relationships between the WM-ISV, cog-

nition, and disability scores. In the subgroup analysis based on the

cognitive impairment, a noteworthy negative correlationwas observed

between general cognition and white matter patterns exhibiting this

relationship (r = -0.283, p = 7.5 × 10-9). Verbal memory displayed

a non-significant negative correlation among the individuals without

cognitive impairment (SCD: r = -0.29, p = 0.1138), whereas the cor-

relation became significant for those with cognitive impairment (MCI,

AD, VaD: r = -0.42, p = 1.2 × 10-18). Similarly, the visuospatial mem-

ory exhibited a negative correlation with white matter patterns in the

individuals without cognitive impairment (SCD: r = -0.27, p = 0.0566),

which was strengthened and became highly significant in those with

cognitive impairment (MCI, AD, VaD: r = -0.46, p = 2.3 × 10-22).

The relationship between disability and white matter patterns was

non-significant in the individuals without cognitive impairment (SCD:

r = -0.12, p = 0.4166), but showed a significant positivity in those with

cognitive impairment (MCI, AD, VaD: r= 0.27, p= 2.9 × 10-8).

In the subgroup analysis based on the functional disability, gen-

eral cognition showedanon-significant negative correlation among the

individualswith (AD, VaD: r= -0.04, p= 0.6742) andwithout functional

disability (SCD, MCI: r = -0.08, p = 0.1789). Verbal memory displayed

a strong negative correlation among the individuals with (AD, VaD:

r = -0.24, p = 0.0046) and without functional disability (SCD, MCI:

r= -0.30, p= 5.2× 10-8). Visuospatial memory exhibited a highly signif-

icant negative correlation for the individuals with (AD, VaD: r = -0.32,

p = 1.5 × 10-4) and without functional disability (SCD, MCI: r = -0.34,

p=6.5×10-10). However, IADL showed a non-significant correlation in

the individuals with (AD, VaD: r = 0.03, p = 0.7014) and without func-

tional disability (SCD,MCI: r= 0.04, p= 0.5129). These results provide

valuable insights into the complex associations between white matter
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10 ROH ET AL.

TABLE 2 Generalized linear model for the association of white matter inter-subject variability (WM-ISV) with the biomarker and clinical
characteristics of the study participants (n= 454).

Independent variable:WM-ISV

Non-adjustedmodel Adjustedmodel

Dependent variablesa β (SE) p-value β (SE) p-valueb ηp2 ofWM-ISVc

Biomarker characteristics

PlasmaGFAP 0.98 (0.25) < 0.001 0.74 (0.26) 0.006 0.024 (small)

PlasmaNfL 0.97 (0.55) 0.080 0.70 (0.40) 0.077 –

Plasma p-tau217 2.49 (0.41) <0.001 2.05 (0.40) <0.001 0.066 (medium)

Polygenic risk score for AD 0.08 (0.01) <0.001 0.05 (0.01) <0.001 0.037 (medium)

Clinical characteristics

General cognition −4.95 (0.98) <0.001 −4.48 (0.98) <0.001 0.045 (small)

Verbal memory −3.57 (0.45) <0.001 −2.83 (0.48) <0.001 0.075 (medium)

Visuospatial memory −4.00 (0.44) <0.001 −3.21 (0.45) <0.001 0.106 (medium)

Disability 2.17 (0.38) <0.001 1.64 (0.40) <0.001 0.033 (small)

Abbreviations: AD, Alzheimer’s disease; GFAP, glial fibrillary acidic protein; NfL, neurofilament light.
aThe number of participants for each dependent variable analysis was as follows: general cognition (n = 447), verbal memory (n = 446), visuospatial mem-

ory (n = 439), disability (n = 449), plasma GFAP (n = 393), plasma NfL (n = 393), plasma p-tau217 (n = 367), and polygenic risk score for AD (n = 447).

Some cognitive measures were missed in small proportions, and blood-based biomarkers were assessed in only a subset of participants from the biobank

consortium.
bp-values for themodel were calculated after adjusting for age, sex, education, bodymass index, diabetes, hypertension, depressive symptoms,APOE ε4 allele
carriers, and institutions. The independent variable was directly incorporated into the model and all covariates were included using a stepwise method for

the parsimoniousmodel.
cWemeasured the effect size of inter-subject variability ofwhitematter patterns (WM-ISV) using partial eta squared (ηp2) in the significantmodel. According

to consensus, ηp2 > 0.14, ηp2 > 0.06, and ηp2> 0.01 represent small, medium, and large effect sizes, respectively.

patterns and cognition scores, distinguishing between the significant

and non-significant correlations across the various cognitive domains.

In all the participants, significant associations were observed

between the clinical characteristics andWM-ISV (Table2). Byutilizing a

generalized linearmodel and adjusting for covariates, theWM-ISVwas

significantly correlated with general cognition, verbal memory, visu-

ospatial memory, and disability scores (all p < 0.001). The effect sizes

of the WM-ISV were small for general cognition and disability and

medium for both verbal and visuospatial memory.

4 DISCUSSION

In this study, we successfully extracted comprehensive white matter

patterns from an ensemble of MRI and amyloid PET images of older

adults with cognitive complaints. We then applied these whole brain

white matter patterns to a machine learning model to predict cogni-

tive impairment and functional disability, which are typically assessed

by physicians through detailed clinical evaluations and multiple tests.

Notably, high signals were observed within the white matter on T2-

FLAIR and amyloid PET (Figure S3). However, the observed alterations

in white matter patterns demonstrated heterogeneity among individ-

uals. This suggests that they might reflect a variety of pathologies,

including cerebrovascular burden, inflammation, demyelination, and

hypoperfusion. We subsequently extracted WM-ISV data from these

patterns (Figure 3A) and found that participants in the AD group

exhibited higher WM-ISV than those in the SCD, MCI, and VaD

groups (Figure 3B). Moreover, WM-ISV in older adults with cognitive

complaints was associatedwith blood-based biomarkers linked to neu-

rodegenerative processes—such as GFAP for inflammation, NfL for

neural injury, and p-tau217 for tau pathology—as well as a PRS for AD,

even after adjusting for potential covariates. In addition, we identified

a potential association between WM-ISV and neuropsychological test

and disability scores in the study participants, underscoring its utility

as a biomarker in various clinical and research settings.

A significant contribution of our study is the development of a novel

neuroimaging analysis method that shows promise for clinical appli-

cations. In a clinical context, determining whether patients presenting

with cognitive complaints have measurable cognitive impairment or

functional disability is critical for accurate diagnosis and treatment

planning. Typically, this assessment relies on comprehensive, labor-

intensiveneuropsychological tests and structured clinical assessments,

which can be costly and sometimes lack reproducibility. The grow-

ing demographics of older adults living alone or solely with a spouse,

often in the absence of a reliable caregiver, present further challenges

for accurately evaluating cognitive impairment and disability. To meet

this critical need in clinical practice, we successfully extracted whole

brain white matter patterns from both T2-FLAIR and amyloid PET and

predicted cognitive impairment and functional disability. We believe

that our method can provide supplementary information and helpful

diagnostic insights for physicians in clinical settings, especially when

reliable caregivers are lacking. Furthermore, our research established
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ameaningful link betweenWM-ISV (associatedwith whitematter het-

erogeneity) and APOE ε4 allele carrier status (Figure S4), the recently

emphasized blood-based biomarkers GFAP and p-tau217, a PRS for

AD, and detailed cognitive tests and disability scores. This associa-

tion underscores the potential use of WM-ISV as a neural correlate,

offering new insights into the pathophysiology of neurodegenerative

diseases and aiding in the decision-making process for further in-depth

evaluations and biomarker studies.

Another contribution of our study is the emphasis on white matter

pattern analysis in neuroimaging modalities. White matter is crucial

at both the microscale (containing essential glial cells for central ner-

vous system functions) and macroscale levels (mediating functional

integration across cortical brain regions).39,40 Patients with white

matter signal changes on MRI or PET often exhibit symptoms like cog-

nitive decline, bradykinesia, and depression, severely affecting their

daily independence.41,42 However, signals generated from the white

matter in neuroimaging studies have been relatively underappreci-

ated. One challenge in studying white matter signal is the diversity

of the types and locations of changes that can occur in the brain.

In addition, even lesions that appear similar to white matter hyper-

intensities may arise from various pathophysiologies. In this study,

we analyzed white matter signal changes from T2-FLAIR and amy-

loid PET images across 360 brain regions assumed to be connected

to gray matter and successfully used these patterns to predict cog-

nitive impairment and functional disability. The clinical utility of the

whitematter patternsweanalyzed is likely due to their ability to reflect

diversepathophysiologies coexistingwithin thewhitematter.Although

our study did not specifically associate the extracted white matter

patterns or WM-ISV with any single pathology, the methodology we

developed is valuable because it captures the complex and coexis-

tent pathophysiology within various white matter regions, offering

possible clinical and research implications. In addition, we found that

WM-ISV has a positive association with GFAP and p-tau217, reflecting

inflammation and tau pathology, respectively. Considering the exist-

ing research that identifies cerebrovascular burden, inflammation, and

demyelination as key factors in white matter signal changes, the white

matter patterns or WM-ISV values that we extracted may reflect

these pathologies, thereby correlating with biomarker and clinical

characteristics.24

By utilizing multimodal T2-FLAIR and amyloid PET images, we

tested the potential of whole brainwhitematter patterns as novel neu-

roimagingbiomarkers for assessing cognitive impairment anddisability

in older adults. The current method differs from previous neuroimag-

ing approaches for the diagnosis of neurodegenerative diseases, which

use gray matter volumes, cerebrospinal fluid (CSF)–related features,

or white matter hyperintensity. Because the white matter transfers

information about functions across the cortical brain regions in the

gray matter,32,40 and the use of the white matter atlas can repre-

sent functions to 360 cortical gray matter regions as WM patterns,32

we were able to observe the changes in WM signals indirectly

among the groups involved in neurodegenerative diseases. Using the

WM patterns extracted from the T2-FLAIR and amyloid PET images,

we classified the cognitive impairment and functional disability of

participants. When we used multimodal T2-FLAIR and amyloid PET

images (e.g., ensemble image), the classification performance signifi-

cantly improved compared with using a single modality. These findings

are in line with previous AD studies using machine learning and

multimodality imaging data.43–45 Therefore, our findings indicate the

feasibility of using multimodal neuroimaging data and white matter

patterns to classify cognitive impairments and functional disabili-

ties in patients with neurodegenerative disorders. This is expected

to contribute to expanding the critical role of white matter in the

classification of neurodegenerative diseases.

Our study has some limitations. First, our approach to examining

the relationship between the WM-ISV, biomarkers, and clinical char-

acteristics was cross-sectional. Therefore, further validation through

longitudinal data analysis is necessary to determine whether theWM-

ISV can predict the progression of cognitive impairment or disability.

Second, the limited application of covariates may have overlooked

potential confounders. Third, our studywas conductedexclusively in an

East Asian population; thus, additional research is required to establish

its global applicability. Fourth, the number of participants in the SCD

and VaD groups was relatively small; in particular, the number of APOE

ε4allele carrierswas limited,which necessitates caution in interpreting

the findings.

In summary, our study utilized whole brain white matter patterns

derived from T2-FLAIR and amyloid PET to predict cognitive impair-

ment and functional disability, demonstrating the potential of these

patterns as novel neuroimaging biomarkers. This approach reflects

complex white matter pathologies and correlates with clinical and

biomarker characteristics, suggesting its utility in differential diag-

nosis and candidate selection for further workup in clinical settings.

Future research is required to expand our findings through larger, lon-

gitudinal studies to confirm the utility of white matter patterns and

WM-ISV, their associationswith variouswhitematter pathophysiology,

and the structural–functional couplings derived from functional MRI

(fMRI).
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