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Abstract

INTRODUCTION: Increased white matter hyperintensities (WMHs) have been

reported in genetic frontotemporal dementia (FTD) in small studies, but the sequence

ofWMHabnormalities relative to other biomarkers is unclear.

METHODS:Using a large dataset (n= 763GENFI2 participants), wemeasuredWMHs

and examined them across genetic FTD variants and stages. Cortical and subcorti-

cal volumes were parcellated, and serum neurofilament light chain (NfL) levels were

measured. Biomarker progression was assessed with discriminative event-based and

regressionmodeling.

RESULTS: Symptomatic GRN carriers showed elevatedWMHs, primarily in the frontal

lobe, while no significant increase was observed in symptomatic C9orf72 or MAPT

carriers. WMH abnormalities preceded NfL elevation, ventricular enlargement, and

cortical atrophy. Longitudinally, baseline WMHs predicted subcortical changes, while

subcortical volumes did not predict WMH changes, suggesting WMHs may precede

neurodegeneration.

DISCUSSION:WMHs are elevated in a subset of GRN-associated FTD.When present,

they appear early and should be considered in disease progressionmodels.
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Highlights

∙ ElevatedWMHvolumes are found predominantly in symptomaticGRN.

∙ WMHaccumulation is mostly observed in the frontal lobe.

∙ WMH abnormalities appear early in GRN-associated FTD, before NfL, atrophy, and

ventriculomegaly.

∙ Longitudinally,WMHvolumes can predict subcortical changes, but not vice versa.

∙ WMHs are key early markers in GRN-associated FTD and should be included in

progressionmodels.

1 BACKGROUND

Frontotemporal dementia (FTD) presents as a multifaceted neurode-

generative disorder marked by progressive deterioration in behavior,

personality, and/or language, ranking as the second most prevalent

cause of early onset dementia following Alzheimer’s disease.1 Approx-

imately 30% of FTD cases exhibit a robust familial dementia history,

often linked to specific genetic mutations. The majority of FTD’s

heritability stems from autosomal dominant mutations within three

primary genes: C9orf72 (chromosome 9 open reading frame 72),

GRN (progranulin), and MAPT (microtubule-associated protein tau).2

Despite symptomatic overlap across these gene mutations, the molec-

ular mechanisms driving the emergence of phenotypic outcomes are

inherently distinct.

White matter hyperintensities (WMHs) have garnered significant

attention due to their clinicopathologic contributions in a range of neu-

rodegenerative conditions and their deleterious effect on cognition.3,4

These lesions manifest as hyperintensities on specific sequences of

magnetic resonance imaging (MRI), signaling abnormalities within

the brain’s white matter. These anomalies can indicate areas of

demyelination, gliosis, and/or small vessel disease. WMH post mortem

histopathology reveals non-specific brain alterations, such as gliosis,

myelin and axon loss attributed to arteriosclerosis, tissue rarefaction,

and lipohyalinosis. These changes may be caused by various factors,

including hypoxia, hypoperfusion, blood–brain barrier leakage, inflam-

mation, degeneration, and amyloid angiopathy.5 Moreover, increasing

evidence suggests that WMHs in neurodegeneration are not solely

driven by vascular pathology but may also reflect intrinsic disease pro-

cesses, including amyloidosis and gray matter degeneration, as shown

in Alzheimer’s disease, where WMHs have been linked to cerebral

amyloid angiopathy and neurodegeneration rather than traditional

vascular risk factors.6

The overwhelming majority of neuroimaging research in FTD has

centered on changes in gray matter, with less attention given to the

role of WMHs. Sudre et al.7 reported increased WMH burden in FTD

patients with symptomatic GRN mutations, but not in those carrying

MAPT or C9orf72mutations. This investigation did not find significant

WMH changes during the presymptomatic phase. A follow-up lon-

gitudinal study from the same group showed variations among GRN

cases, with 25% of individuals displaying either noWMHs or only mild

WMHs during the symptomatic phase and only 9% of those in the

presymptomatic phase already exhibiting severe WMH involvement.8

Despite its reliance on a small sample size, this study has exerted a

significant influence on the research landscape concerning the asso-

ciation between FTD and WMHs being tied to GRN cases. Another

study9 employing diffusion tensor imaging revealed microstructural

white matter changes among individuals with C9orf72 repeat expan-

sions andMAPTmutations during presymptomatic stages, highlighting

the impact that genetic FTD has onwhite matter.

Despite these results, WMHs were not factored into recent dis-

ease models aiming to guide clinical trials.10 In our study, we aimed

to address these gaps in knowledge by investigating the prevalence of

WMHacross distinct genetic groups and different stages of FTD, lever-

aging a later version of the GENFI2 dataset with a larger sample to

assess the validity of previous WMH studies. We further undertook a

temporal analysis ofWMHcompared to othermarkers in the course of

the progression of the disease.

2 METHODS

2.1 Data

Data for this study were obtained from the fifth data freeze of GENFI2

(Genetic Frontotemporal dementia Initiative), a large international

study involving 25 centers in Europe and Canada. GENFI collects

longitudinal data on genetic FTD and aims to gather multimodal neu-

roimaging, cognitive, and fluid biomarkers to develop markers for

early-stage FTD identification, track disease progression, and gain

insight into the presymptomatic phase of the disease.

Participants included in GENFI2 were known symptomatic carriers

of pathogenic mutations in C9orf72, GRN, or MAPT, as well as their
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first-degree relatives who were at risk of carrying a mutation. Geno-

typing was performed at local sites, and all participants underwent

a standard clinical evaluation, including medical and family history

assessments, as well as physical examinations. Symptomatic carriers

met clinical criteria for behavioral variant of frontotemporal dementia

(bvFTD), primary progressive aphasia (PPA), frontotemporal dementia

with amyotrophic lateral sclerosis (FTD-ALS) or other rare presen-

tations, while presymptomatic carriers did not fulfill clinical criteria.

The non-carrier group comprised healthy first-degree relatives of

symptomatic carriers who tested negative for the reported family

mutation. Detailed inclusion and exclusion criteria can be found

elsewhere.11

T1-weighted and T2-weighted MRI scans were acquired across

multiple sites using 3T scanners from Siemens (Trio, Skyra, Prisma),

Philips, and General Electric. Imaging followed harmonized acquisi-

tion protocols established by the GENFI study to ensure inter-site

consistency.11 For T1-weighted imaging, sagittal 3D MPRAGE or

equivalent sequences were used. Acquisition parameters (median

[range]) included an inversion time (TI) of 850ms (400 to 960ms), rep-

etition time (TR) of 2000 ms (6.6 to 2200 ms), echo time (TE) of 2.9 ms

(2.2 to 9.0ms), flip angle of 8◦ (8◦ to 11◦), slice thickness of 1.1mm, and

208 slices (200 to 208). For T2-weighted imaging, sagittal 3D fast spin

echo sequences were used. Acquisition parameters (median [range])

included TR of 3200 ms (2200 to 3200 ms), effective TE (TEeff) of

105 ms (50 to 105 ms), slice thickness of 1.1 mm, and 176 slices (176

to 208).

Serum levels of neurofilament light chain (NfL) and glial fibril-

lary acidic protein (GFAP) were longitudinally measured using the

single-molecule array technique (Simoa).12

GENFI is a longitudinal dataset with multiple visits available for

some participants. In this study, we first used a cross-sectional design

to maximize the number of subjects, selecting only one visit per par-

ticipant (except in our final analysis, which incorporated a longitudinal

approach). To ensure consistency in data selection, we prioritized visits

with both blood and imaging biomarkers available. Where partici-

pants had multiple eligible visits, we chose the most recent one to

better capture a broader spectrum of disease severity. Longitudinal

visits were used to test for the temporal relationship of biomarker

changes.

2.2 Image processing

2.2.1 White matter hyperintensities segmentation

The segmentation ofWMHwas performed using BISON,13 integrating

data from T1-weighted (T1w) and T2-weighted (T2w) imaging modal-

ities. The workflow employed a random forest classifier trained with

location, intensity parameters, and manually labeled data to gener-

ate participant-specific WMHmaps. BeforeWMH segmentation, T1w

andT2w scans underwent preprocessing steps including image denois-

ing, intensity non-uniformity correction, and intensity normalization

within a range of 0-100. T1w images were linearly registered and sub-

RESEARCH INCONTEXT

1. Systematic review:We systematically reviewed the liter-

ature onWMHs in FTD using PubMed. While a few small

studies reported increased WMHs in GRN mutation car-

riers, their sample sizes were limited, and they did not

assess the timing ofWMHswithin disease progression or

their temporal relationship to other biomarkers.

2. Interpretation:We identified a sequence of key biomark-

ers in GRN-associated FTD and demonstrated that

WMHs were among the earliest biomarkers, preced-

ing cortical and subcortical atrophy as well as blood

biomarkers. This aligns with neuropathological evidence

of early white matter involvement in FTLD-GRN. Addi-

tionally, using a larger dataset, we validated previous

reports of elevated WMHs in GRN carriers, confirming

their reliability.

3. Future directions: Future studies should integrate

WMHs into FTD progression models to enhance early

diagnosis. Understanding why only a subset of GRN car-

riers exhibit high WMH volumes remains a key research

priority.

sequently nonlinearly registered to the ICBM152 template. T1w and

T2w images were linearly co-registered using a six-parameter rigid

registration. All stereotaxic space priors and averages for WMH seg-

mentation were resampled onto the native T1w volume using the

inverse of the estimated non-linear registration transformation. Qual-

ity controlwas performedvia visual inspectionofWMHsegmentations

and corresponding structural MRI scans using Qrater.14 Eleven of the

778 participants were excluded due to segmentation errors or major

image artifacts. This included cases in which visible hyperintensities

were not captured by the segmentation, as well as cases with substan-

tial over-segmentation (Figure 1). The WMH lesion maps were then

linearly registered to the ICBM152 template, and Hammers’ atlas was

used to quantifyWMHvolumes in each of the eight lobes.15,16

2.2.2 Brain parcellation

In this study, gray matter volumes were obtained with the Geodesic

Information Flow (GIF) algorithm,17 a multi-atlas segmentation

approach, for accurate and robust cortical and subcortical volume

parcellation. GIF utilizes spatially-variant graph structures, con-

necting morphologically similar participants for gradual information

diffusion amid large-scale morphological variability. From the parcel-

lated regions, we considered the volumes of cortical and subcortical

areas most closely associated with FTD, as identified in previous

studies,18–21 including the frontal lobe, temporal lobe, insula, basal

ganglia (nucleus accumbens, caudate, putamen, and globus pallidus),
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F IGURE 1 Flowchart of inclusion and exclusion criteria in study. QC, quality control;WMH, white matter hyperintensity.

cerebellum, cingulate cortex, ventricle, amygdala, hippocampus, and

thalamus. The summed volumes of left and right regions were then uti-

lized for further analysis. Additionally, to address individual variations

in brain size, the volumes were standardized by dividing them by the

intracranial volume.

2.3 Statistical tests

Statistical analyses were conducted using RStudio Version 4.3.1. To

achieve a normal distribution of the WMH volumes, a log transforma-

tionwas applied. A linear regressionmodel was employed to adjust the

WMH volumes of mutation carriers, with age and sex being taken into

account. Themodel was specified as follows:

log (WMHvolume) ∼ Age + Sex (1)

The model was fitted using data from the healthy control cohort.

Subsequently, the difference between the actual log-transformed

WMH volumes and the predicted values derived from this model was

calculated for each person. These differences, referred to as adjusted

WMHvalues, represent the residualWMHvolumeafter accounting for

demographic variables.

During this stage of the analysis, four participants were excluded

due to missing demographic data, which made adjustment impos-

sible (Figure 1). Detailed information regarding the exact number

of participants and their demographic characteristics is provided in

Table 1.

Kruskal–Wallis variance analysis was performed to compare

adjusted WMH values across the three mutation cohorts and dif-

ferent disease stages (symptomatic and presymptomatic). Dunn’s

post-hoc test, a nonparametric pairwise multiple comparison test,

was conducted to determine significant differences in adjusted WMH

volume between mutation groups. A similar analysis was performed

for adjusted WMH volumes in each of the eight lobes. All p-values

reported in the manuscript are corrected for multiple comparisons

with Bonferroni’s method.

To rule out confounding influences on WMH, cardiovascular risk

factors (stroke, hypertension, hypercholesterolemia, and diabetes) and

history of traumatic brain injury were compared across mutation

groups and controls (Table S1). Since no significant differences were

found, these risk factor variableswere not included as covariates in the

model.

2.4 Temporal relationship analysis

After investigating the prevalence of WMH across distinct genetic

groups, we aimed to determine the temporal sequence of WMH

accumulation in relation to other key imaging biomarkers in groups

exhibiting substantial WMH burden. In addition to lobar WMH and

WMH of the whole brain, we included essential gray matter volumes

and subcortical measures in FTD, i.e., frontal and temporal gray mat-

ter, cingulate, insula, cerebellum, basal ganglia (nucleus accumbens,

caudate, putamen, and globus pallidus), hippocampus, amygdala, and

thalamus, alongside additional biomarkers like ventricle volume, GFAP,

andNfL for ranking.

2.4.1 Cross-sectional analysis using discriminative
event-based modeling

We utilized the Discriminative Event-Based Modeling (DEBM)

approach22,23 to investigate the order of biomarker abnormalities

in presymptomatic and symptomatic FTD. DEBM was well suited

for our purpose because it requires only cross-sectional data and

effectively handles missing values. In DEBM, an “event” refers to the

transition of a biomarker from a normal to an abnormal state, with

the total number of events in disease progression corresponding to

the number of biomarkers. To ensure a more normalized distribution,

blood biomarkers (NfL and GFAP), ventricle volume, and WMHs were

log-transformed, effectively reducing skewness in their distributions.

To control for confounding factors, the DEBM analysis incorporated

sex and age by adjusting biomarker values based on these factors prior

to GaussianMixtureModeling (GMM).

TheDEBMprocedure initially determines the distribution of normal

and abnormal biomarker values through GMM. Using these distri-

butions, it computes the probability for each participant that the

biomarker is abnormal. This probability signifies the progression of

that biomarker. Therefore, based on these probabilities, we create

an approximate sequence of biomarker abnormality for each par-

ticipant, which is aggregated across participants to create a robust

central biomarker ordering that minimizes the sum of distances to all

participant-wise orderings.

Healthy controls, presymptomatic carriers, and symptomatic car-

riers were treated as distinct diagnoses to effectively model the

progression. The degree of uncertainty in biomarker ordering was

assessed by estimating it for 100 independently sampled datasets
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using bootstrap resampling with replacement. The analysis included

480 participants with verified imaging biomarkers.

For the DEBM approach to be effectively applied, two key assump-

tions must be consideredwhen selecting biomarkers:

1. The biomarker must exhibit a statistically significant difference

between the FTD and healthy control groups.

2. The Gaussian mixture model must be fitted appropriately, which

we verified by calculating the mean squared error of the fitted

distribution for each biomarker.

We rigorously assessed the accuracy of theGaussianmixturemodel

by calculating the mean squared error and visually inspecting the dis-

tribution. The limited sample size constrained the applicability of the

DEBM approach to certain biomarkers. Biomarkers that did not meet

these criteriawereexcluded fromtheDEBManalysis and subsequently

evaluated using the longitudinal approach. This ensured the incorpora-

tion of only reliable biomarkers into the DEBM while allowing further

investigation of excluded biomarkers through complementary meth-

ods. This integrated approach enabled us to maximize the utility of

both cross-sectional and longitudinal data, providing a comprehensive

understanding of biomarker dynamics.

To validate the accuracy of themodel, we assessed the disease stage

that the DEBM estimated for each individual. This was done by com-

paring the abnormality probabilities of biomarkers for each participant

with the central biomarker ordering derived from the model. Two val-

idation approaches were employed. First, we evaluated the model’s

performance by calculating the area under the curve (AUC) to differ-

entiate between symptomatic carriers and healthy controls based on

estimated disease stage using 10-fold cross-validation. Secondly, as

a construct validation metric, we examined the correlation between

the estimated disease stages and key clinical scores commonly used

in FTD assessment. These included the Clinical Dementia Rating-

Frontotemporal Lobar Degeneration Sum-of-Boxes (CDR-FTLD SoB),

Mini-Mental State Examination (MMSE), Trail Making Test Part B

(TMT-B), Boston Naming Test, Digit Symbol substitution test, and Ver-

bal Fluency test. Non-parametric Spearman’s rank correlation analyses

were conducted to assess the relationships between the estimated

disease stages and key clinical scores, given the non-normal distri-

bution of the overall population on these metrics. These validation

metrics allowed us to assess both the discriminative power and clinical

relevance of the estimated disease stages.

2.4.2 Longitudinal analysis using linear regression
modeling

Subsequently, we conducted a longitudinal assessment focusing on

the interplay between WMHs and other neuroimaging biomarkers

that were not evaluated through DEBM analysis, specifically in GRN

mutation carriers. These biomarkers include the insula, basal ganglia

(nucleus accumbens, caudate, putamen, and globus pallidus), thalamus,

hippocampus, amygdala, and cingulate volumes. The process involved
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standardizing each biomarker to a z-score by subtracting its mean and

dividing by its standard deviation across the full dataset and employ-

ing linear regression models to predict the shift in each biomarker

between baseline and follow-up measurements, with WMHs serving

as either the predictor or the response biomarker in each model. This

approach aimed to explore directional associations between WMH

and atrophy, rather than to maximize prediction accuracy. The mod-

els were designed to account for potential influences from age, sex,

education, NfL, and the baseline value of the response biomarker. NfL

was included to control for individual differences in global disease

activity that may confound MRI-based associations. The analysis was

represented by Equation 2:

´ Response biomarker
Δ t

= Predictor biomarkerbaseline

+Age + Sex +NfL + Education

+ Response biomarkerbaseline (2)

Here,
Δ Response biomarker

Δ t
represents the predicted rate of change in the

response biomarker between the baseline measurement and all sub-

sequent follow-up evaluations. In our analysis, WMH volumes and NfL

biomarkers were log-transformed to achieve a normal distribution.

3 RESULTS

3.1 Participant demographics and clinical
information

Table 1 provides an overview of demographic and clinical data. The

research included 298 family controls who did not carry the mutation.

Among the 465 participants identified with mutations, C9orf72 muta-

tions were the most prevalent, affecting 44.3% of the group, followed

by GRN mutations at 39.1% and MAPT mutations at 16.6%. Notably,

68% of these individuals were in the asymptomatic stage across the

genetic variantsmentioned. Among symptomatic participants, the pre-

dominant diagnosis was bvFTD, representing 66.4% of cases, with

PPA at 16.8%, and amyotrophic lateral sclerosis (ALS) or FTD-ALS at

10.7%. The remaining 6.1% of cases were diagnosed with other clinical

syndromes.

Demographic analyses confirmed that symptomatic mutation carri-

ers were older and had received fewer years of education than both

presymptomatic mutation carriers and control groups (p < 0.001).

MAPT mutation carriers and the control group were younger than

those with the GRN mutation (MAPT: p = 0.01; controls: p = 0.001)

and those carrying the C9orf72 mutation (MAPT: p = 0.002; controls:

p < 0.001). Additionally, symptomatic C9orf72 mutation carriers had

fewer years of education compared to the control group (p = 0.03).

The gender ratio among symptomatic carriers also showed a higher

proportion of males compared to the presymptomatic (p < 0.001) and

control groups (p= 0.002).Moreover, theC9orf72 symptomatic carrier

cohort included a significantly higher proportion of males compared to

GRN symptomatic carriers (p = 0.02). Other demographic characteris-

tics remained consistent across all groups. NfL samples were obtained

from78.64%of participants, andGFAPdatawere available for 61.86%.

3.2 White matter hyperintensities across genetic
groups

TheWMHdistributionmaps in Figure 2 depict the absolute prevalence

and regional distribution of WMH across mutation groups on a voxel-

wise basis. As expected, in all participants (including controls), WMHs

arepredominantly located in theperiventricular regions,with avisually

wider spatial extent in symptomatic participants.

Figure 3 presents the statistical comparisons of adjusted volumes

of WMH, as described in the methods section. These values are log-

transformed initially and then controlled for age and sex. For precise

measures, refer to Tables S2 and S3 in the supplementary materials;

thesevaluesdepict the contrast of eachcohort compared to the control

group. Adjusted WMH volumes were significantly higher among all-

group symptomatic mutation carriers as a group compared to controls

(PBonferroni < 0.001, δ = 0.215). Specifically, post hoc testing showed

that the effectwas driven by symptomatic carrierswithGRNmutations

who exhibited markedly elevated whole-brain WMH volumes com-

pared to controls (PBonferroni < 0.001, δ = 0.389), while the difference

was not present for symptomatic C9orf72 and MAPT. As illustrated

in Figure S1, some individuals in the MAPT group exhibited elevated

WMH volumes; however, these values did not translate into statisti-

cally or clinically meaningful group-level effects. Among symptomatic

cases, GRN carriers also showed higher WMH volumes compared to

those with C9orf72 mutations (p = 0.035); however, this difference

did not remain significant after Bonferroni correction. Within the

GRNmutation carriers, a distinctive pattern emerged, as symptomatic

cases exhibited higherWMHvolumes than presymptomaticGRN cases

(PBonferroni = 0.001, δ = 0.341), underscoring the progressive nature of

WMHaccumulationover thedisease course.Aside fromtheGRNmuta-

tion carriers, no other significant differences in whole-brain adjusted

WMHvolumeswere observed between the othermutation groups and

controls or presymptomatic carriers.

Examination of WMH volumes per lobe revealed that the frontal

lobe was the most prominent site of accumulation. Notably, symp-

tomatic carriers demonstrated a marked increase in adjusted

WMHs compared to healthy controls in both the left frontal

lobe (PBonferroni < 0.001, δ = 0.26) and the right frontal lobe

(PBonferroni < 0.001, δ = 0.214). Symptomatic GRN carriers exhib-

ited substantially elevated WMHs in the left frontal lobe compared

to controls (PBonferroni < 0.001, δ = 0.469) and symptomatic C9orf72

(PBonferroni = 0.019, δ = 0.299). Additionally, WMH volumes in the left

frontal lobewere significantly higher in symptomaticGRN carriers than

in their presymptomatic counterparts (PBonferroni < 0.001, δ= 0.406).

A stepwise pattern of WMH increase was observed in the left

frontal lobe across disease progression: presymptomatic carriers had

higherWMHvolumes than controls (PBonferroni = 0.036, δ= 0.118), and

symptomatic carriers showed higher volumes than presymptomatic

carriers (PBonferroni = 0.035, δ = 0.147). Moreover, presymptomatic
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F IGURE 2 Voxel-wise distribution of white matter hyperintensity (WMH) prevalence inmutation groups. The color bar represents the
proportion of participants within each cohort exhibitingWMHs at specific voxel locations.
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F IGURE 3 Regional and total white matter hyperintensity (WMH) volume across genetic groups. (A) Heatmap showingmean age- and
sex-adjustedWMHvolume (log-transformed) across brain regions and clinical/genetic subgroups. Values represent group-level averages of
residualizedWMHvolumes. (B) Violin plots of total age- and sex-adjustedWMHvolume (log-transformed) across mutation groups and controls,
stratified by clinical status. Black horizontal bars indicate groupmeans. Among symptomatic individuals,GRN carriers exhibited significantly
higherWMHvolumes compared to controls (PBonferroni < 0.001); no other between-group differences reached statistical significance. Full
statistical results are reported in Tables S4 and S5.

C9orf72 carriers exhibited slightly higher WMH volumes in the left

frontal lobe compared to controls (PBonferroni = 0.027, δ= 0.164).

The pattern was also present in the right frontal lobe, where symp-

tomaticGRNmutation carriers exhibited heightenedWMHs compared

to controls (PBonferroni < 0.001, δ = 0.341) and presymptomatic GRN

carriers (PBonferroni = 0.009, δ= 0.297). Therewas an unexpected trend

for high WMHs in the left occipital lobe of presymptomatic individu-

als across all genetic groups compared to controls (PBonferroni = 0.039,

δ=0.115). This effectwas primarily driven by presymptomaticC9orf72

carriers (PBonferroni = 0.039, δ = 0.15). Elevated WMH volumes were

also detected in the right parietal lobe of symptomatic carriers com-

pared to controls (PBonferroni = 0.017, δ = 0.157), particularly among

those with GRN mutations (PBonferroni = 0.028, δ = 0.242). A com-

plete list of these comparisons is provided in Tables S4 and S5 of the

supplementarymaterials.

We found no significant differences in adjusted WMH volume

across clinical phenotypes (bvFTD, PPA, and ALS); see Tables S6 and S7

and Figure S2 for details. As a final step, we explored the possibility of

testing perGRNmutation subtype. The number of cases per subtype of

GRN mutation was too small to compare prevalence across them, but

we provide the adjusted level of WMH per mutation subtype in Figure

S3.

3.3 Biomarker dynamics in GRN cohort

3.3.1 Temporal cascade of biomarker abnormalities

Since GRN mutation carriers were clearly the most prominent group

with a significant amount of WMHs, particularly in the frontal lobe,

we focused our analysis on this cohort. We examined the temporal

relationships among WMHs in the frontal lobe, WMHs in the tem-

poral lobe, WMHs in the parietal lobe, total WMHs, and other key

neuroimaging biomarkers in FTD. These included frontal and temporal

gray matter, insula, cerebellum, basal ganglia, thalamus, hippocampus,

amygdala, and cingulate, as well as additional biomarkers, including

ventricle volume, GFAP, and NfL. All of these biomarkers exhibited sig-

nificant differences between FTD and control groups (as reported in

Table S8).Of these, ninebiomarkersmet the criteria forDEBManalysis,

which required both significant group differences and adequate Gaus-

sianmixturemodel fitting as assessed by themean squared error of the

Gaussian mixture model distributions (Table S9). These nine biomark-

ers included WMHs in the frontal lobe, WMHs in the temporal lobe,

total WMHs, ventricle volume, cerebellum, frontal and temporal gray

matter, and levels of GFAP andNfL. TheDEBManalysis was performed

on this subset of biomarkers to delineate their sequence of abnormal-

ities and associated uncertainties in GRN-associated FTD, as depicted

in Figure 4. This variability was measured through 100 bootstrapping

iterations (with replacement).

According to the findings depicted in Figure 4, WMH abnormalities

emerged at earlier disease stages compared to other studied neu-

roimagingbiomarkers. This initial phaseofWMHchangeswas followed

by abnormalities in ventricular size and NfL levels, which were subse-

quently succeeded by gray matter atrophy in the temporal and frontal

lobes.

3.3.2 Validation of disease stage estimation

The accuracy of estimated event ordering, validated through disease

stage differentiation between symptomatic carriers and healthy con-

trols, demonstrates robust clustering ability. This was reflected in
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F IGURE 4 Sequence of biomarker abnormalities. The positional
variance diagram for theGRN cohort illustrates themost probable
sequence of biomarker abnormalities along with their corresponding
uncertainties. The y-axis (from top to bottom) orders the biomarkers
by themost likely sequence as estimated by the Discriminative
Event-BasedModelingmodel, while the x-axis indicates the position of
each biomarker in the sequence, ranging from one to the total number
of biomarkers. The color intensity of each square represents the
frequency with which a biomarker was placed at a specific position
during bootstrap resampling. The spread from bootstrap resampling
reflects the standard error of the distribution, representing the
uncertainty in the estimated ordering. GFAP, glial fibrillary acidic
protein; NfL, neurofilament light chain;WMH, white matter
hyperintensity.

high AUC values for distinguishing controls from GRN mutation car-

riers, with an AUC of 0.92 ± 0.05. Further validation is provided by

the strong correlation between estimated disease stages and clinical

scores (including CDR-FTLD SoB,MMSE, TMT-B, Boston Naming Test,

Digit Symbol, and VF), as detailed in Table S10.

3.4 Longitudinal study in GRN mutation carriers

To further investigate the temporal relationships among biomarkers

that were not included in the DEBM analysis, we conducted a longi-

tudinal assessment focusing on GRN mutation carriers. This analysis

explored the dynamic interplay betweenWMHs and other neuroimag-

ing biomarkers, including the insula, basal ganglia (nucleus accumbens,

caudate, putamen, and globus pallidus), thalamus, hippocampus, amyg-

dala, andcingulate volumes.Byquantifying z-scores for eachbiomarker

and employing linear regressionmodels, we assessedwhether changes

in WMHs predicted alterations in these subcortical regions or vice

versa over time. The longitudinal analysis encompassed 83 partici-

pants (70 presymptomatic and 13 symptomaticGRN carriers) who had

follow-up scans, enabling us to better understand howWMH changes

correlate with downstream neurodegeneration. Demographic and

biomarker characteristics of the longitudinal cohort are summarized in

Table S11.

The estimated parameters of each model are reported in Table S12

andS13. Figure5A, generatedusing the circlizepackage inR,24 displays

the t-statistics for all associations, regardless of significance, among the

neuroimaging biomarkers identified in our analysis. Figure 5B focuses

on significant associations (FDR corrected p-value<0.05), where a line

connecting the baseline of a predictor biomarker on the left to the rate

of change of a response biomarker on the right indicates that the pre-

dictor biomarker has predictive value for explaining variations in the

response biomarker over time.

The results shown inFigure5B indicate that baselineWMHvolumes

predict subsequent brain changes. Higher baseline WMH volumes

were associated with a more rapid decrease in amygdala volume

(p = 0.006, FDR-corrected p = 0.038), accelerated hippocampal atro-

phy (p = 0.023, FDR-corrected p = 0.050), and faster cingulate volume

reduction (p = 0.025, FDR-corrected p = 0.050). Figure 6 presents

scatter plots for these significant associations, showing the relation-

ship between baseline WMH burden and rates of subcortical volume

decline, with regression lines and 95% confidence intervals highlight-

ing the observed trends. Interestingly, none of the studied subcortical

biomarkers (thalamus, basal ganglia, amygdala, hippocampus, cingu-

late, and insula)were found to predict variations inWMHvolumes.Our

results underscore that WMHs are significant predictors of greater

gray matter loss over time, emphasizing the impactful role of WMHs

on brain structure changes.

4 DISCUSSION

Our investigation into WMHs across genetic groups in the context of

FTD revealed intriguing patterns. Notably, symptomaticGRNmutation

carriers exhibited the most pronounced WMH burden after adjust-

ing for age and sex, with a spatial distribution concentrated in the

frontal lobes and, secondarily, in parietal areas. While not present in

all patients, WMHs in the GRN cohort followed a consistent tempo-

ral pattern, emerging early in the disease course and preceding frontal

and temporal cortical atrophy. Additionally, we observed modest but

significant WMH increases in the left frontal and occipital lobes of

presymptomatic C9orf72 carriers, suggesting subtle early changes in

this group, but these did not translate into increased WMH burden at

the symptomatic stage. Finally, although some individuals with MAPT

mutations showed elevated WMHs, these did not result in significant

group-level effects. Collectively, our findings emphasize the distinct

prominence ofWMHs inGRN-associated FTD.

Our results underscore the specific association of WMHs with the

GRNmutation in genetic FTD. This finding is in line with Sudre et al.,7,8

who also observed a similar association in a study conducted on the

previous smaller GENFI data release. Patients with GRNmutations are

deficient in progranulin, a protein that plays a crucial role in regulat-

ing the growth and survival of brain cells. There is a well-documented

link between progranulin deficiency and neuroinflammation,25,26 and

neuroinflammation is implicated in the pathogenesis of WMHs.27 This
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F IGURE 5 Associations betweenwhite matter hyperintensity (WMH) and subcortical biomarkers and predictability of longitudinal variations.
Diagrams illustrate the associations between predictor biomarkers (left side) and the rate of change of response biomarkers (right side). The width
of the connecting lines represents the t-statistic, indicating the strength of the predictive association. (A) Chord diagram showing t-statistics for all
tests, including both significant and non-significant associations. (B) Diagram displaying only the significant associations (FDR-corrected p
value< 0.05). Higher baselineWMHvolumes are associated with faster volume decline in the amygdala, hippocampus, and cingulate cortex.

F IGURE 6 Relationship of baselineWMHvolume to subsequent subcortical atrophy progression. Each scatter plot corresponds to one of the
significant associations identified in Figure 5B, with baselineWMHvolume (log-transformed and z-scored across the full cohort) on the x-axis and
the annualized rate of change in subcortical volume (total intracranial volume-normalized and z-scored prior to slope estimation) on the y-axis.
Linear regression lines with 95% confidence intervals illustrate the relationships.

observation prompts a deeper exploration of how neuroinflammation

contributes to the formation ofWMH in the context ofGRN-associated

FTD, providing a potential avenue for targeted therapeutic interven-

tions.

Our DEBM analysis elucidates a sequential pattern of biomarker

abnormalities in GRN-associated FTD, beginning with abnormal-

ities in WMHs. These early indicators of disease progression are

subsequently followed by ventricular abnormalities and alter-

ations in NfL levels, eventually leading to measurable temporal and

frontal gray matter atrophy in later stages. This trajectory highlights

the pivotal role of WMHs in understanding GRN-associated FTD

progression.
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Our longitudinal analysis of GRN carriers reveals a noteworthy

association between the initial volume of WMHs and subsequent

reductions in gray matter volume across several critical brain regions,

including the amygdala, hippocampus, and cingulate. This observation

underscores the association between baselineWMHs and future neu-

rological deterioration, characterized by pronounced atrophy within

these areas. Conversely, our study found no evidence to suggest that

alterations in subcortical biomarkers could serve as predictors for

changes inWMH volume. Given the directional relationship observed,

our study suggests thatWMHsmight precede the atrophy of graymat-

ter, a conclusion that finds resonance in what was found in several

studies of Alzheimer’s disease.28–30

Furthermore, our analysis indicates that NfL abnormalities precede

frontal and temporal lobe atrophy, echoing the findings of Panman

et al.23 and Staffaroni et al.,10 who identified NfL as an early abnor-

mal biomarker in the GRN mutation group, preceding changes in gray

matter volumes, white matter microstructures, and cognitive markers.

While Panman et al.23 identified NfL as the earliest biomarker among

the key markers they investigated in FTD, their study did not include

WMHs. In contrast, our findings suggest thatWMHsmayprecede even

NfL abnormalities, indicating that WMHs could represent the earliest

detectable biomarker inGRN-associated FTD.

We also observed that abnormalities in GFAP manifested in the

late stages of the disease, while abnormalities in NfL appeared earlier.

This finding is consistent with the sequence of fluid biomarkers in FTD

reported by van der Ende et al.31

The current paradigm for modeling disease progression in genetic

FTD due to GRN mutation may benefit from integrating WMHs

into existing frameworks. Our DEBM and longitudinal analysis find-

ings indicate early white matter disruption in FTD. A prior study

by McKenna et al.32 highlighted alterations in white matter as rela-

tively precise and early radiological markers, particularly effective in

differentiating presymptomatic mutation carriers from healthy con-

trols. Incorporating WMHs into disease models may offer a more

comprehensive understanding of the progression from presymp-

tomatic to symptomatic stages, shedding light on the nuanced tem-

poral dynamics of WMH accumulation in the context of genetic

FTD.

Our findings align with neuropathological evidence showing early

white matter involvement in FTLD-GRN. A recent study found severe

frontal myelin loss in GRN mutation carriers, independent of axonal

degeneration, suggesting a primary myelin defect.33 This supports

our observation that WMHs appear earlier than cortical atrophy and

NfL changes. Their findings also implicate microglial dysfunction and

TMEM106B pathology, highlighting distinct pathogenic mechanisms

and reinforcing the value ofwhitematter biomarkers in disease staging

and therapymonitoring.

In our analyses, we did not find laterality differences in GRN muta-

tions at the group level (Table S14). However, it is likely that at the

individual level, some subjects have predominant right- or left-sided

changes, whichmight relate to symptomatic presentation.34

It is essential to acknowledge certain limitations in our study. One

limitation is that we used cortical volume as a measure of gray mat-

ter atrophy, which might not be as sensitive to subtle gray matter

changes as cortical surface-based measures. Additionally, the age dif-

ference between groups, where presymptomatic cases were generally

younger than symptomatic ones, represents a limitation that could bias

our comparisons. Given the small size of FTD datasets, balancing our

groups by exclusionwas not feasible. However, we accounted for age in

all our analyses and modeling as a confounding factor and attempted

to regress out its impact. By doing so, we aimed to minimize poten-

tial age-related biases in our results. To further address this concern,

we performed two complementary sensitivity analyses to improve

age comparability between symptomatic carriers and controls. These

analyses (detailed in Tables S15 and S16) used both nearest-neighbor

matching and group-level age restriction approaches. In both cases,

GRN carriers continued to show significantly elevated WMH volumes

compared to age-matched controls, confirming that this key result is

not driven by age imbalance.

Another limitation involves scanner-related variability inherent in

multisite studies such as GENFI. Despite efforts to harmonize acqui-

sition protocols across sites, residual differences in scanner hardware,

software, or upgrades may still influence WMH quantification. We

were not able to fully account for this variability due to small sample

sizes at many sites; however, unmeasured scanner-specific effects may

persist and could partially impact our results.

It should be mentioned that presymptomatic cases in GENFI could

include some participants with minimal or ambiguous symptoms com-

patible with a prodrome of FTD; however, 79.3% of cases had a

confirmed CDR-FTLD SoB of 0.

Another important limitation is the relatively small number of

symptomatic cases, particularly when compared to studies applying

DEBM to diseases such as Alzheimer’s disease. This smaller sam-

ple size may contribute to challenges in GMM, including occasional

instability in biomarker modeling. Such instability is influenced, in

part, by the overlap between normal and abnormal Gaussian distribu-

tions, which becomes more pronounced when samples with abnormal

biomarker values are limited.However, our study represents one of the

largest cohorts available for FTD research, surpassing the size of pre-

vious reports and enhancing the reliability and generalizability of our

findings.

Our DEBM results in GRN suggest that WMHs may precede, on

average, changes in other biomarkers such as NfL or atrophy. While

we did not perform detailed analyses of presymptomatic trajecto-

ries for biomarkers other than WMHs, these findings highlight the

potential challenge of identifying presymptomatic GRN carriers at

imminent risk of phenoconversion for clinical trials. This pattern con-

trasts with some prior models in other diseases, such as Alzheimer’s

disease, and underscores the heterogeneity in biomarker dynamics

across neurodegenerative syndromes.

While many neuroimaging biomarkers could be explored, we

focused on a curated list identified in the literature as relevant to FTD.

Notably, in DEBM, addingmore biomarkers can reduce certainty in the

event order, emphasizing the need for deliberate selection.

Our study boasts several strengths that contribute to the robust-

ness of our findings in addition to the larger number of participants



12 of 14 SOLTANINEJAD ET AL.

compared to previous reports. The quality of our WMH pipeline,

which remains robust across multisite data acquisition and functions

effectively without the need for Fluid-Attenuated Inversion Recovery

MRI modality, further solidifies the reliability of our WMH measure-

ments. The application of a robust event-based modeling approach,

resilient tomissing values, provides a comprehensive understanding of

the sequencing of biomarker abnormalities across different mutation

groups.

In conclusion, our study not only contributes valuable insights into

the distribution and dynamics of WMH in genetic FTD but also high-

lights the potential role of WMHs in refining disease progression

models inGRNmutations. Itwill be important to uncover the pathologi-

cal differences explainingwhy someGRN carriers developmoreWMHs

than others. Further research in this direction may uncover novel

avenues for therapeutic interventions targeting neuroinflammatory

processes associated withWMHs in genetic FTD.
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