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Objective: Age of symptom onset is highly variable in familial frontotemporal lobar degeneration (f-FTLD). Accurate
prediction of onset would inform clinical management and trial enrollment. Prior studies indicate that individualized
maps of brain atrophy can predict conversion to dementia in f-FTLD. We used a Bayesian linear mixed-effect (BLME)
prediction method for identifying accelerated brain volume loss to predict conversion to dementia.
Methods: Participants included 234 asymptomatic or prodromal carriers of C9orf72, GRN, or MAPT mutations (includ-
ing 21 dementia converters) with ≥3 longitudinal magnetic resonance imaging (MRI) T1-weighted scans. The BLME
models established individual voxel-wise gray matter trajectories using the first 2 scans. Person-specific clusters of
accelerated volume loss were estimated in subsequent scans and tested as predictors of dementia conversion com-
pared with other approaches in time-varying Cox proportional hazard models covarying for age. Receiver-operating
characteristic (ROC) curves estimated utility of cluster volume in discriminating which participants converted to demen-
tia within 24 months.
Results: The BLME cluster volume predicted conversion to dementia in f-FTLD mutation carriers overall and separately
in C9orf72, GRN, and MAPT, with comparable hazard ratios observed for atrophy W-maps and regional volumes.

View this article online at wileyonlinelibrary.com. DOI: 10.1002/ana.78167

Received Jul 23, 2025, and in revised form Jan 8, 2026. Accepted for publication Jan 8, 2026.

Address correspondence to Dr Staffaroni, PhD, Weill Institute for Neurosciences, Department of Neurology, Edward and Pearl Fein Memory and Aging

Center, University of California, San Francisco, 675 Nelson Rising Ln, Ste 190, San Francisco, CA 94158. E-mail: adam.staffaroni@ucsf.edu

*Howard J. Rosen and Adam M. Staffaroni contributed equally as senior authors.

From the 1Department of Neurology, Edward and Pearl Fein Memory and Aging Center, University of California, San Francisco, San Francisco, CA;
2Dementia Research Centre, UCL Queen Square Institute of Neurology, University College London, London, UK; 3Department of Neurology, Case

Western Reserve University, Cleveland, OH, USA; 4Department of Neurology, University of Colorado, Aurora, CO, USA; 5Department of Clinical and

Experimental Sciences, University of Brescia, Brescia, Italy; 6Molecular Markers Laboratory, Fatebenefratelli, IRCCS Istituto Centro San Giovanni di Dio,

Brescia, Italy; 7Department of Neurology, University of North Carolina, Chapel Hill, NC; 8Nuffield Department of Clinical Neurosciences, Medical Sciences

Division, University of Oxford, Oxford, UK; 9Department of Brain Sciences, Imperial College London, London, UK; 10Department of Neurology, Indiana

University, Indianapolis, IN; 11Department of Neurology, Vanderbilt University, Nashville, TN; 12University of Lisbon, Lisbon, Portugal; 13Department of

Neurology, Massachusetts General Hospital and Harvard Medical School, Boston, MA; 14Department of Neurology, University of Washington, Seattle, WA;
15Department of Psychiatry, Douglas Mental Health University Institute, McGill University, Montreal, Quebec, Canada; 16Montreal Neurological Institute,

McConnell Brain Imaging Centre, McGill University, Montreal, QC, Canada; 17Department of Clinical Neurological Sciences, University of Western Ontario,

London, Ontario, Canada; 18Department of Neurosciences, University of California – San Diego, La Jolla, CA; 19Fondazione Ca’ Granda, IRCCS Ospedale

Policlinico, Milan, Italy; 20Centro Dino Ferrari, University of Milan, Milan, Italy; 21Division of Psychology Communication and Human Neuroscience, Wolfson

Molecular Imaging Centre, University of Manchester, Manchester, UK; 22Department of Nuclear Medicine, Center for Translational Neuro- and Behavioral

Sciences, University Medicine Essen, Essen, Germany; 23Department of Geriatric Medicine, Klinikum Hochsauerland, Arnsberg, Germany; 24Departments

of Neurology and Psychiatry, Washington University, School of Medicine, Washington University, St. Louis, MO; 25Department of Neurobiology, Division

of Neurogeriatrics, Karolinska Institutet, Solna, Sweden; 26Unit for Hereditary Dementias, Karolinska University Hospital, Solna, Sweden; 27Department of

Neurology, Mayo Clinic, Jacksonville, FL; 28Department of Psychiatry and Behavioral Sciences, Northwestern Feinberg School of Medicine, Chicago, IL;
29Department of Neurology, Emory University School of Medicine, Atlanta, GA; 30Taub Institute for Research on Alzheimer’s Disease and the Aging Brain,

College of Physicians and Surgeons, Columbia University, New York, NY; 31Department of Neurology, Columbia University, New York, NY; 32Department

of Psychiatry, College of Physicians and Surgeons, Columbia University, New York, NY; 33Division of Neurology, University of British Columbia, Vancouver,

British Columbia, Canada; 34Department of Neurology and Penn Frontotemporal Degeneration Center, Perelman School of Medicine, University of

Pennsylvania, Philadelphia, PA; 35Department of Neurology, Erasmus Medical Centre, Rotterdam, The Netherlands; 36Department of Quantitative Health

Sciences, Mayo Clinic, Rochester, MN; 37National Institute of Neurological Disorders and Stroke, National Institutes of Health, Bethesda, MD;
38Département des Sciences Neurologiques, Clinique Interdisciplinaire de Mémoire, Laval University, Quebec City, Quebec, Canada; 39Paris Brain

Institute, Sorbonne Université, Paris, France; 40Département de Neurologie, Hôpital Pitié-Salpêtrière, Paris, France; 41Department of Neurology, Ludwig-

Maximilians Universität München, Munich, Germany; 42German Center for Neurodegenerative Diseases (DZNE), Munich, Germany; 43Munich Cluster of

Systems Neurology (SyNergy), Munich, Germany; 44Department of Pathology, University of British Columbia, Vancouver, British Columbia, Canada;
45Sunnybrook Health Sciences Centre, Sunnybrook Research Institute, University of Toronto, Toronto, Ontario, Canada; 46Department of Neurology,

University of California – Los Angeles, Los Angeles, CA; 47Department of Neurology, Cognitive Disorders Unit, Hospital Universitario Donostia, San

Sebastian, Spain; 48Neurosciences Area, Group of Neurodegenerative Diseases, Biogipuzkoa Health Research Institute, San Sebastian, Spain; 49Center for

Biomedical Research in Neurodegenerative Disease, Carlos III Health Institute, Madrid, Spain; 50Department of Psychiatry and Behavioral Sciences, Johns

Hopkins University, Baltimore, MD; 51Department of Neurology, University of Ulm, Ulm, Germany; 52Department of Neurology, Houston Methodist

Research Institute, Houston, TX; 53VIB Center for Molecular Neurology, VIB, Antwerp, Belgium; 54Department of Biomedical Sciences, University of

Antwerp, Antwerp, Belgium; 55Department of Neuroscience, Mayo Clinic, Jacksonville, FL; 56Lou Ruvo Center for Brain Health, Cleveland Clinic, Las

Vegas, NV; 57Department of Neurology, University of Alabama at Birmingham, Birmingham, AL; 58Department of Clinical Neurosciences and Cambridge

University Hospitals NHS Trust, University of Cambridge, Cambridge, UK; 59Department of Neurology, Alzheimer’s Disease and Other Cognitive Disorders

Unit, University of Barcelona, Barcelona, Spain; 60University Hospital of Coimbra Neurology Service, University of Coimbra, Coimbra, Portugal; 61Center for

Neuroscience and Cell Biology, University of Coimbra, Coimbra, Portugal; 62Department of Neurofarba, University of Florence, Florence, Italy; 63IRCCS

Fondazione Don Carlo Gnocchi, Florence, Italy; 64Department of Neurodegenerative Diseases, Hertie-Institute for Clinical Brain Research and Center of

Neurology, University of Tübingen, Tübingen, Germany; 65Tanz Centre for Research in Neurodegenerative Diseases, University of Toronto, Toronto,

Ontario, Canada; 66Fondazione IRCCS Istituto Neurologico Carlo Besta, Milan, Italy; 67Department of Neurosciences, Laboratory for Cognitive Neurology,

KU Leuven, Leuven, Belgium; 68Neurology Service, University Hospitals Leuven, Leuven, Belgium; 69Leuven Brain Institute, Leuven, Belgium; 70Department

of Neurology, Mayo Clinic, Rochester, MN; and 71Department of Radiology, Mayo Clinic, Rochester, MN

Additional supporting information can be found in the online version of this article.

1316 Volume 99, No. 5

ANNALS of Neurology

 1
5
3
1
8
2
4
9
, 2

0
2
6
, 5

, D
o
w

n
lo

ad
ed

 fro
m

 h
ttp

s://o
n
lin

elib
rary

.w
iley

.co
m

/d
o
i/1

0
.1

0
0
2
/an

a.7
8
1
6
7
 b

y
 D

eu
tsch

es Z
en

tru
m

 fu
r N

eu
ro

d
eg

en
era E

rk
ran

k
u
n
g
en

 e. V
. (D

Z
N

E
), W

iley
 O

n
lin

e L
ib

rary
 o

n
 [3

0
/0

4
/2

0
2
6
]. S

ee th
e T

erm
s an

d
 C

o
n
d
itio

n
s (h

ttp
s://o

n
lin

elib
rary

.w
iley

.co
m

/term
s-an

d
-co

n
d
itio

n
s) o

n
 W

iley
 O

n
lin

e L
ib

rary
 fo

r ru
les o

f u
se; O

A
 articles are g

o
v
ern

ed
 b

y
 th

e ap
p
licab

le C
reativ

e C
o
m

m
o
n
s L

icen
se



Within a 24-month timeframe, BLME cluster volume discriminated dementia converters from non-converters with larger
areas under the curve (AUCs) than other approaches.
Interpretation: Bayesian-modeled individualized atrophy scores predict dementia progression among asymptomatic
f-FTLD mutation carriers and may have increased utility compared with other structural imaging methods when study-
ing individuals over shorter timeframes that align with clinical trial design.

ANN NEUROL 2026;99:1315–1326

Although treatments are available to slow disease pro-

gression in some people with typical late-onset

Alzheimer’s disease (AD), there are no disease-modifying

treatments for other neurodegenerative pathologies, such

as frontotemporal lobar degeneration (FTLD).1–3 Familial

forms of FTLD (f-FTLD), most often caused by autoso-

mal dominant mutations in the C9orf72, GRN, or MAPT

genes, offer unique opportunities for treatment because

each mutation involves a single gene and an increasingly

well-delineated pathophysiological cascade.4,5 In recent

years, several targeted treatments have entered clinical tri-

als for these genetic forms.2,6,7 However, age of onset in

f-FTLD varies substantially even among people with the

same mutation or within the same family.8 This

unpredictability may impede selection of appropriate can-

didates for prevention trials and complicate decisions

about when to initiate preventive treatments. For some

neurodegenerative disorders, monitoring the status of typi-

cally affected brain regions (eg, the hippocampus in AD)

has been suggested as a strategy to estimate time to symp-

tom onset.9 However, in FTLD, spatial topography of

pathology varies even within a genetic group, and moni-

toring changes in standard regions of interest may miss

early signs of emerging neurodegeneration.

Our group previously demonstrated that individual-

ized brain atrophy maps improve prediction of time to

onset of dementia in FTLD mutation carriers beyond age

alone.10 We recently developed a framework designed to

improve upon cross-sectional methodology by applying

a Bayesian linear mixed-effects (BLME)11 model to

longitudinal MRI scans to track subtle indications of neu-

rodegeneration.12 Based on hypothetical13 and data-

driven14 models of f-FTLD disease progression showing

that acceleration of brain volume loss precedes clinical

symptom onset, our method proposes that detection of

this acceleration might permit more accurate predictions

than established methods. We initially studied amyloid-

positive participants from the Alzheimer’s Disease Neuro-

imaging Initiative (ADNI) cohort who were unimpaired

at enrollment and underwent at least 3 longitudinal

scans.12 Using the first 2 scans from a participant while

cognitively intact (henceforth referred to as the “predictor

scan pair”), we fit them to a control group’s trajectories to

estimate individual voxel-wise rates of volume loss and

identified clusters exhibiting accelerated atrophy relative to

controls at subsequent timepoints. Both the size of these

maps and the speed with which they grew predicted time

to dementia conversion in AD more accurately than hip-

pocampal volumes.

In the present study, we extend this framework to

f-FTLD by applying the BLME model to a large cohort

of C9orf72, GRN, or MAPT mutation carriers and family

controls with longitudinal magnetic resonance imaging

(MRI) scans to test the accuracy of predicting conversion

to dementia using survival analysis. We compared the per-

formance of this method with other methods, including

individualized atrophy maps from cross-sectional images

and regional volumes measured uniformly across partici-

pants. To assess its anticipated utility in clinical trial

design, we also evaluated its ability in the receiver operat-

ing characteristic (ROC) curve analyses to identify individ-

uals who would convert to dementia (Clinical Dementia

Rating [CDR] ≥1) within a 24-month timeframe, a poten-

tial proximity marker with which to prioritize pres-

ymptomatic participants for clinical trials.

Methods

Participants
The present study included 234 carriers of mutations in

the C9orf72, GRN, or MAPT genes. Study participants

were included from (1) the ARTFL LEFFTDS Longitudi-

nal Frontotemporal Lobar Degeneration (ALLFTD)

Research Study,13,15 (2) the Genetic Frontotemporal

Dementia Initiative (GENFI; data freeze = 7),16 and

(3) research studies at the UCSF Memory and Aging Cen-

ter (MAC). ALLFTD and GENFI data have recently been

harmonized through the FTD Prevention Initiative (FPI;

https://thefpi.org). ALLFTD enrolled participants from

28 sites across the United States and Canada (study enroll-

ment 2015 to present). GENFI enrolled participants from

25 sites across Canada and Europe and spanned 2 study

phases: GENFI 1 (2012–2015) and GENFI 2 (2015–

2023). Participants were included from both study phases.

The University of California – San Francisco (UCSF)

MAC participants were enrolled in longitudinal studies of

FTLD who had similar brain imaging acquisitions and

clinical/genetic data available as in the other 2 studies. All
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studies enrolled participants with a family history consis-

tent with f-FTLD; for additional information regarding

inclusion/exclusion criteria for each study’s recruitment,

see Staffaroni et al, 2022.14 Protocols at all sites received

prior approval by appropriate institutional review boards,

and all subjects provided informed consent.

Clinical and Genetic Assessment
All participants in the ALLFTD, GENFI 2, and MAC

studies underwent serial longitudinal examination includ-

ing neurological history/examination, informant interview,

and CDR + National Alzheimer’s Coordinating Center

(NACC)-FTLD. The CDR + NACC-FTLD is a rating

scale with 8 domains assessed based on informant report;

we used the global score to classify individuals as asymp-

tomatic (0), questionably or mildly symptomatic (0.5), or

symptomatic (≥1).17,18 Participants enrolled in the

GENFI 1 study underwent neurological history/examina-

tion, informant interview, and assessment comparable to

the CDR + NACC-FTLD, which assessed whether par-

ticipants were symptomatic or not in the domains of

behavior, neuropsychiatric, language, cognition, and

motor functioning. For the present study, individuals were

included if they had ≥3 longitudinal MRI scans and

were asymptomatic or minimally symptomatic at each of

the first 2 scans. Sensitivity analyses were conducted in

those who were asymptomatic at both initial timepoints

(see 2.3 Neuroimaging below for additional details). A

subset of individuals in the study “converted” to dementia

over the course of their enrollment, defined as starting

with a CDR + NACC-FTLD of 0 or 0.5 and having a

CDR + NACC-FTLD ≥1 at a subsequent visit (see 2.5

Statistical Analyses for additional details).

ALLFTD and UCSF participants had genetic testing

completed at the same laboratory at UCLA using previ-

ously published methods.19,20 GENFI participants com-

pleted genotyping at individual sites.16 All participants in

this analysis had a pathogenic variation in the MAPT or

GRN genes or a pathogenic expansion in the C9orf72 gene

in themselves or in a family member. Non-carriers from

mutation-carrying families were used to estimate norma-

tive rates of brain volume loss (see details below).

Neuroimaging Acquisition
ALLFTD/MAC: Participants underwent structural imag-

ing using 3T scanners from 1 of 3 vendors: Siemens,

Philips Medical System, or General Electric Medical Sys-

tems. A standard T1-weighted 3D magnetization prepared

rapid gradient echo (MPRAGE) sequence was used with

the following parameters: 240 � 256 � 256 matrix;

approximately 170 slices; voxel size = 1.05 � 1.05

� 1.25 mm3; flip angle, TE, and TR varied by vendor.

Additional details have been previously published.21

GENFI: Participants underwent structural imaging

using 3T scanners from Siemens Trio and Skyra, Philips

Achieva, and GE Discovery MR750 models. A standard

T1-weighted MPRAGE sequence was used with the fol-

lowing parameters: 256 � 256 � 208 matrix; 208 slices;

voxel size = 1.1-mm isotropic resolution volumetric; flip

angle = 8 degrees; TE and TR varied by vendor. Addi-

tional details have been previously published.16,22

Image Processing
Image Pre-Processing and Processing. Image processing

was completed using previously described methods.12

Briefly, all T1-weighted images were first visually

inspected for quality control and images with excessive

motion or imaging artifacts were excluded, bias field cor-

rection was applied with N3 algorithm, and images were

segmented using SPM12 unified segmentation.23 This was

followed by intra-subject template creation, within-subject

modulation, customized group template generation within

the Large Deformation Diffeomorphic Metric Mapping

framework, normalization, and smoothing (8 mm full

width half maximum Gaussian kernel), with inspection at

every step.24–27 Modulated gray matter maps transformed

into the single subject template and warped into the group

template were ultimately used in the BLME models. Addi-

tionally, we used gray matter maps modulated in the

group template to generate atrophy W-maps and quantify

regional volumes (see specific sections below for additional

information). Volumetric calculations were performed

using FSL and ANTs.28,29

Bayesian Linear Mixed-Effects Modeling. Our approach is

based on the BLME model described in detail by Ziegler

and colleagues.11 Our extension of the method to create

single-subject Bayesian predictions of regional gray matter

volumes has been previously described in detail.11,12

Briefly, we used Bayesian modeling to estimate the degree

to which an individual participant’s atrophy deviates from

their expected trajectory of change. All participants in the

study were required to have at least 3 longitudinal MRI

timepoints, with at least the first 2 (predictor scan pair)

being acquired when they were asymptomatic or question-

ably/minimally symptomatic (CDR + NACC-FTLD

≤0.5). Gray matter maps for the predictor scan pair were

entered into a BLME model (including that individual

and control scans) to quantify the rate of gray matter

loss in that participant. This information was then

used to predict the individual’s expected trajectory of

neurodegeneration, assuming continued loss at that

rate. Then, the observed volumes in the participant’s
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subsequent MRIs were compared with the predicted vol-

umes in each voxel to identify regions where the observed

volume was below the expected volume. Importantly, the

predictor scan pair was only used to derive individualized

trajectories of change, and all primary analyses across

BLME, W-map, and volumetric methods used subsequent

scans after the predictor scan pair.

In these subsequent scans, we used the error func-

tion (erf ), which integrates the Bayesian predictive proba-

bility distribution for all possible volumes at each voxel for

a given timepoint, to quantify the degree to which each

observed value deviated from its expected value. The erf

ranges from �1 to 1. Voxels with volumes close to the

predicted volumes at that timepoint have small erf values

(near 0), whereas large erfs indicate voxels with volumes

far from expected values. Because our goal was identifying

voxels with volume reductions compared with predictions,

we only examined voxels with negative erf values. The

number of voxels showing unexpectedly low volume was

multiplied by voxel size to create a BLME atrophy cluster

quantified in cubic millimeters (henceforth referred to as

“BLME cluster volume”). The choice of erf threshold for

creating these maps is arbitrary. Thus, similar to our previ-

ous work, we looked for potential effects of threshold by

creating maps using erf thresholds ranging from �0.7

(which includes volumes closer to their expected value) to

�0.999 (only including voxels with volumes very far from

expected). All primary findings were seen at nearly all

thresholds (see Results). All results are shown in the main

manuscript at an erf threshold of �0.999, with analyses

for additional thresholds displayed in the Supplementary

Materials.

Atrophy W-Map Creation. As an alternative approach, we

created W-maps of atrophy, representing gray matter atro-

phy in standard deviations from the reference group mean.

W-scores were created for each subject at each voxel,

adjusting for age, total intracranial volume (TIV), and

MRI scanner as covariates. Biological sex was not included

as a covariate in w-score calculation and was instead con-

sidered in post hoc sex-stratified analyses. For additional

information, see Staffaroni et al, 2022.14 All W-map

results are shown at a whole brain σ threshold of �3.0

(corresponding to a probability of 0.0015 or less of

observing this value under a normal distribution) to facili-

tate comparison with the erf threshold of �0.999 (rep-

resenting voxels where the probability of seeing the

observed value is 0.001 or less).

Region of Interest Volume Calculation. As a third approach

to estimating atrophy, regional volumes were estimated by

calculating the mean of gray matter volume in regions of

interest (ROIs) from the Desikan-Killiany cortical atlas,30

which was applied to each individual subject’s smoothed,

modulated, gray matter image. For additional information,

see Staffaroni et al, 2022.14

Statistical Analyses
Survival Analyses. Metrics from each of the 3 image

processing techniques (BLME, atrophy W-map, and ROI

volume) were normalized via z-score and entered into

separate Cox proportional hazard models with time-

dependent predictors to perform survival analysis (using

the Python lifelines package [https://zenodo.org/records/

3969500]) with imaging metric as predictor, age (and

TIV for ROI volume analyses) as covariates, and time to

dementia conversion (ie, CDR + NACC-FTLD ≥ 1) as

survival outcome. W-map and ROI volume values were

taken from the same timepoints used for the BLME analy-

sis (ie, not including the 2 baseline scans used to model

individual trajectories). Conversion to dementia was the

event of interest, whereas non-converters were censored at

their last observation in the study. Resulting hazard ratios

(HRs) are interpreted as increased risk of dementia con-

version for each one standard deviation increase in the

predictor. Due to previously established differences in

disease vulnerability based on biological sex,31,32 we

performed subanalyses for BLME and W-map models

stratified by sex.

ROC Curve Analyses. A subset of participants was selected

to conduct cross-sectional analyses assessing the utility of

different imaging metrics in classifying individuals who

converted versus did not convert to dementia within an

approximately 24-month period to align with the length

of a hypothetical clinical trial. To create our dementia

converter subset (“24-month converters”), we first filtered

out timepoints on or after the date of conversion (ie, sur-

vival date), as well as any scans more than 27 months

(24 months + 3 month buffer) prior to the date of con-

version. This resulted in our 24-month converters subset

of 11 participants, and, for each of these participants, we

only used the imaging timepoint closest to the specified

test period (ie, 27 months prior to the date of conversion).

To create our non-converter subset (“24-month non-con-

verters”), we used only non-converters from the main

analysis who had an MRI scan at least 24 months prior to

the date of last observation in the study. This approach

was used to ensure that the non-converter group consisted

of individuals who we were certain did not convert within

at least a 24-month period. This resulted in our

24-month non-converters subset of 85 participants, and,

for each of these participants, we only used the imaging

timepoint closest to the specified test period. Within this

May 2026 1319
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new subset of 96 participants, we conducted separate

cross-sectional ROC curve analyses with each imaging

metric of interest (BLME cluster volume, atrophy

W-map, and ROI volume) to estimate the area under the

curve (AUC) for differentiation of converters from non-

converters. ROC curve analyses were performed separately

for each imaging metric of interest in a combined sample

of mutation carriers, as well as individually within each

genetic mutation. We used Delong’s test to compare

AUCs of different imaging metrics and assess whether

they statistically differed in classifier performance.

Results

Demographics
Of the 234 f-FTLD mutation carriers included in the pre-

sent study, 96 were C9orf72 carriers, 76 were GRN car-

riers, and 63 were MAPT carriers, with 1 participant

having both a GRN and C9orf72 mutation. Of the 234 f-

FTLD mutation carriers, 21 converted to dementia (ie,

CDR + NACC-FTLD ≥ 1), which included 8 C9orf72

carriers, 4 GRN carriers, 8 MAPT carriers, and 1 carrier of

both a GRN and a C9orf72 mutation. Participant demo-

graphics and characteristics for the full sample are pres-

ented in Table 1; demographics for the survival (n = 234,

21 converters) and ROC (n = 96, 11 converters) analysis

subsets are shown in Supplementary Table S1.

Survival Analyses
Examples of single-subject images of BLME cluster vol-

umes and W-map cluster volumes are shown for each

mutation in Figure 1. At an erf threshold of 0.999, BLME

cluster volume significantly predicted conversion to

dementia in f-FTLD mutation carriers overall (n = 234,

HR = 2.46, 95% confidence interval [CI] = 1.89–3.20,

p = 2.5 � 10�11; Table 2). At a comparable threshold of

σ = 3.0, overall W-map cluster volume also significantly

predicted conversion to dementia across carrier groups

(n = 234, HR = 3.00, 95% CI = 1.80–3.65, p = 2.0

� 10�6). At the same 0.999 threshold, BLME cluster vol-

ume also significantly predicted conversion to dementia

separately in each f-FTLD mutation, with the largest

effect size observed in MAPT (n = 63, HR = 2.89, 95%

CI = 1.46–5.72, p = 0.0022), followed by GRN

(n = 76, HR = 2.67, 95% CI = 1.55–4.59, p = 0.0004)

and C9orf72 (n = 96, HR = 1.77, 95% CI = 1.37–2.28,

p = 0.00001; see Table 2). Comparable HRs were

observed when examining W-map cluster volume or ROI

volumes (frontal and temporal lobes) as predictors (see

Table 2). Using alternative BLME erf thresholds of 0.99,

0.9, 0.8, and 0.7, as well as alternative W-map σ thresh-

olds of 2.5, 2.0, 1.5, and 1.0, both BLME cluster volume

and W-map cluster volume still significantly predicted

conversion to dementia across all f-FTLD mutation car-

riers and within each individual mutation (Supplementary

Materials). Sensitivity analyses limited to only those who

were asymptomatic at baseline (ie, CDR + NACC

FTLD = 0) showed significant prediction of conversion

to dementia across all carriers for both BLME cluster vol-

ume (n = 165, HR = 3.23, 95% CI = 1.79–5.85,

p = 0.00011) and W-map cluster volume (n = 165,

HR = 9.51, 95% CI = 2.68–33.72, p = 0.00049). In

sex-stratified models, BLME cluster volume significantly

predicted conversion to dementia in a combined group of

f-FTLD mutation carriers in female subjects only

(n = 133, HR = 2.36, 95% CI = 1.76–3.17, p = 1.1

� 10�8) and in male subjects only (n = 101,

HR = 2.69, 95% CI = 1.05–6.88, p = 0.0385). When

examining W-map cluster volume as predictor, prediction

of dementia conversion was significant in female subjects

(n = 133, HR = 3.34, 95% CI = 2.11–5.27, p = 2.3

� 10�7) but not in male subjects (n = 101, HR = 1.93,

95% CI = 0.60–6.26, p = 0.27), although the effect was

in the expected direction for male subjects.

ROC Curve Analyses
BLME cluster volume demonstrated robust accuracy in

differentiating converters from non-converters at an erf

threshold of 0.999 (AUC = 0.83, 95% CI = 0.68–0.97,

p = 0.0004), as well as at other erf thresholds (Table 3).

BLME cluster volume performed better in discriminating

between converters versus non-converters compared to

W-map cluster volume at σ = 3.0 (n = 96, AUC = 0.51,

95% CI = 0.30–0.73, p = 0.89, Delong’s test Z = 2.68,

p = 0.007), frontal lobe volume (n = 96, AUC = 0.59,

95% CI = 0.39–0.79, p = 0.34, Delong’s test Z = 1.59,

p = 0.11), or temporal lobe volume (n = 96;

AUC = 0.62, 95% CI = 0.43–0.80, p = 0.21, Delong’s

test Z = 1.55, p = 0.12; see Table 3 and Fig 2). The

highest predictive accuracy for BLME cluster volume was

observed in GRN (n = 32, AUC = 0.97, 95% CI =

0.90–1.00, p = 0.0088) followed by MAPT (n = 29,

AUC = 0.89, 95% CI = 0.77–1.00, p = 0.014), whereas

the AUC for C9orf72 was not statistically significant

(n = 35, AUC = 0.65, 95% CI = 0.34–0.95, p = 0.35;

see Table 3 and Fig 2). Supporting the robustness of this

approach, similar results were observed across thresholds

(Supplementary Materials).

Discussion

This study demonstrated the utility of Bayesian-modeled

individualized atrophy scores in predicting progression to

dementia among f-FTLD mutation carriers. We expand

on prior work from our group that has (1) used cross-

sectional atrophy-based scores to predict dementia in
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f-FTLD,10 and (2) used a similar Bayesian-modeled

atrophy score approach to predict conversion to AD

dementia.10,12 We extend those findings by using longitu-

dinal neuroimaging to quantify the extent to which an

individual’s atrophy diverges from their expected trajectory

of volume loss and show that these estimates predict con-

version to dementia in presymptomatic f-FTLD mutation

carriers. ROC curve analyses suggest BLME cluster

volume can identify participants at higher risk of develop-

ing dementia within a 24-month period, highlighting the

potential to inform clinical trial design. In 24-month ana-

lyses, BLME cluster volumes that leveraged longitudinal

data outperformed cross-sectional estimates (using both

W-maps and standard ROI approaches) for distinguishing

between converters and non-converters, supporting the

hypothesis that estimates of atrophy that consider

TABLE 1. Demographics

Group

All Mutation Carriers C9orf72a GRNa MAPT

N 234 96 76 63

Baseline age, mean (SD) 47.8 (12.5) 47.5 (12.1) 53.0 (12.4) 41.9 (10.3)

Females, N (%) 133 (56.8) 54 (56.3) 45 (59.2) 35 (55.6)

Dementia converters,

N (%)

21 (9.0) 9 (9.4) 5 (6.6) 8 (12.7)

Baseline CDR +

NACC-FTLD

0 196 75 70 52

0.5 34 18 5 11

Phenotype at conversiona

bvFTD 16 6 3 7

CBS 1 0 0 1

Dementia-NOS 1 1 0 0

FTD-ALS 1 1 0 0

PPA 2 1 2 0

Imaging metric,b mean

(SD), [min, max]

BLME cluster

volume, mm3

1,675.74 (6,264.74),

[0, 53,997]

1,488.49 (6,983.73),

[0, 53,997]

1,291.95

(6,342.89), [0, 53,997]

3,254.54

(8,091.86), [0, 43,431]

W-map cluster

volume, mm3

56,189.68 (68,114.01),

[647, 431,625]

66,841.23 (76,199.76),

[647, 431,625]

39,047.97 (54,803.12),

[1768, 269,586]

63,992.32 (71,017.41),

[2,604, 320,552]

Frontal ROI

volume, mm3

91,162.52 (12,353.04),

[57,725.63, 136,420.54]

89,824.60 (12,170.10),

[63,961.28, 127,875.04]

91,815.53 (12,481.81),

[60,471.29, 122,034.94]

91,982.79 (12,882.58),

[57,725.63, 136,420.54]

Temporal ROI

volume, mm3

63,783.90 (7,947.62),

[41,542.30, 87,446.59]

63,288.63 (8,052.18),

[47,873.03, 87,446.59]

63,799.10 (7,910.31),

[45,232.59, 84,517.43]

64,394.90 (7,910.89),

[41,542.30, 84,691.58]

aOne converter was a carrier of both a GRN and a C9orf72 mutation.
bImaging metrics are provided for the most recent timepoint and at thresholds of erf = 0.999 for BLME and σ = 3.0 for W-map.

ALS = amyotrophic lateral sclerosis; BLME = Bayesian linear mixed-effects; bvFTD = behavioral variant frontotemporal dementia; CBS = cor-

ticobasal syndrome; CDR = Clinical Dementia Rating scale; FTD = frontotemporal dementia; FTLD = frontotemporal lobar degeneration; NACC

= National Alzheimer’s Coordinating Center; NOS = not otherwise specified; PPA = primary progressive aphasia; ROI = region of interest; SD =

standard deviation.
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information from “run-in” scans may better capture

symptom onset than traditional atrophy maps. Our

BLME approach offers unique advantages over classic lin-

ear models for predicting future outcomes. Whereas

frequentist methods provide point estimates and asso-

ciated uncertainty for current observations, the Bayesian

approach yields a prediction framework for all possible

future observations, allowing probabilistic statements

about them. In addition, the Bayesian framework includes

prior distributions and naturally incorporates regulariza-

tion to reduce overfitting. Together, our results position

BLME cluster volume as a potentially useful biomarker

for early-stage dementia detection in f-FTLD that may

support personalized intervention strategies and improve

clinical trial design.

Our findings contribute to the growing literature on

the utility of structural MRI in predicting disease onset

and symptom progression in f-FTLD and related neurode-

generative disorders.10,14,21,33–37 Prior work from our

group found that regional brain atrophy using standard

W-map quantification, along with plasma NfL, emerged

as the first observable abnormal biomarkers in f-FTLD.14

Recent work has suggested initial hemispheric lateraliza-

tion of brain atrophy is important in f-FTLD progression,

which may be captured by using person-specific atrophy

trajectories.38 Our study builds on these prior findings by

using a data-driven, probabilistic BLME framework to

quantify individual deviations from expected trajectories

of brain atrophy. Our subgroup analyses, although limited

by smaller sample sizes, suggested the greatest utility of

BLME cluster volume was for prediction in MAPT and

GRN mutations rather than C9orf72. One possible expla-

nation is the relatively more severe and rapid acceleration

of neurodegeneration associated with these mutations.33,34

In contrast, C9orf72 mutation carriers tend to be more

heterogeneous in their presentations (eg, behavioral variant

FIGURE 1: Example BLME cluster volumes and W-maps from
a specific individual for each gene overlaid on template
brains. BLME = Bayesian linear mixed-effect. [Color figure
can be viewed at www.annalsofneurology.org]

TABLE 2. Survival Analysis Results

BLMEa W-mapb Frontal ROI Temporal ROI

All genes (n = 234) 2.46 [1.89, 3.20]

p = 2.5 � 10�11
3.00 [1.91, 4.71]

p = 2.0 � 10�6
2.63 [1.75, 3.98]

p = 3.9 � 10�6
2.74 [1.64, 4.57] p = 0.00012

C9orf72 (n = 96) 1.77 [1.37, 2.28]

p = 0.00001

1.62 [1.10, 2.39]

p = 0.014

2.97 [1.63, 5.41]

p = 0.00036

1.72 [0.80, 3.68] p = 0.16

GRN (n = 76) 2.67 [1.55, 4.59]

p = 0.0004

14.35 [1.47, 139.87]

p = 0.022

3.46 [1.15, 10.34]

p = 0.027

4.90 [0.89, 26.95] p = 0.07

MAPT (n = 63) 2.89 [1.46, 5.72]

p = 0.0022

3.06 [1.66, 5.62]

p = 0.0003

2.03 [1.06, 3.91]

p = 0.033

2.91 [1.50, 5.64] p = 0.0016

Hazard ratio (HR) and 95% confidence intervals (in brackets) are displayed for BLME cluster volume, W-map cluster volume, and ROI volumes as

predictors of conversion to dementia in survival analyses.
aBLME values are displayed at a threshold of erf = 0.999.
bW-map values are displayed at a threshold of σ = 3.0.

BLME = Bayesian linear mixed-effects; ROI = regions of interest.
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frontotemporal dementia [bvFTD] and amyotrophic lat-

eral sclerosis [ALS]) and have more prolonged and rela-

tively more linear trajectories of volume loss.14,35,39,40

Linear trajectories may be particularly problematic for

this methodology given the reliance on detecting devia-

tions from one’s own trajectory, which would thus be

FIGURE 2: ROC curves for predicting conversion to dementia within 24 months. ROC curves and AUCs displayed for BLME (at erf
threshold of 0.999), W-map (at σ = 3.0), frontal lobe ROI volume, and temporal lobe ROI volume across (A) all mutation carriers,
(B) C9orf72 carriers, (C) GRN carriers, and (D) MAPT carriers. AUC = area under the curve; BLME = Bayesian linear mixed-effect;
ROC = receiver-operating characteristic. [Color figure can be viewed at www.annalsofneurology.org]

TABLE 3. Accuracy in Predicting Conversion to Dementia Within 24 Months

BLME erf = 0.999 W-map σ = 3.0 Frontal ROI Temporal ROI

All genes (n = 96) 0.83 [0.68, 0.97]

p = 0.0004

0.51 [0.30, 0.73]

p = 0.89

0.59 [0.39, 0.79]

p = 0.34

0.62 [0.43, 0.80]

p = 0.21

C9orf72 (n = 35) 0.65 [0.34, 0.95]

p = 0.35

0.61 [0.22, 1.00]

p = 0.47

0.81 [0.50, 1.00]

p = 0.043

0.63 [0.23, 1.00]

p = 0.41

GRN (n = 32) 0.97 [0.90, 1.00]

p = 0.0088

0.54 [0.23, 0.85]

p = 0.82

0.53 [0.31, 0.75]

p = 0.87

0.51 [0.28, 0.73]

p = 0.97

MAPT (n = 29) 0.89 [0.77, 1.00]

p = 0.014

0.61 [0.24, 0.98]

p = 0.49

0.54 [0.25, 0.83]

p = 0.80

0.69 [0.41, 0.97]

p = 0.23

Area under the curve (AUC) and 95% confidence intervals (in brackets) are displayed for BLME cluster volume, W-map cluster volume, and ROI vol-

umes showing utility of discrimination between participants who converted versus did not convert to dementia within 24 months.

BLME = Bayesian linear mixed-effects; ROI = regions of interest.
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insensitive to linear volume loss. This explanation remains

speculative, and future efforts will systematically examine

how linearity may affect the utility of BLME methods.

Despite these mutation-specific differences, BLME-

derived atrophy volumes consistently predicted conversion

across all genetic variants, providing robust evidence for

structural MRI as a prodromal biomarker that may tran-

scend the clinical heterogeneity of f-FTLD. Prior work

has highlighted potential differences in vulnerability to

neurodegenerative diseases between women and men,31,32

prompting our exploratory sex-stratified analyses. BLME

cluster volume significantly predicted dementia conversion

in both sexes, with similar effect sizes; p values were

smaller in women, potentially reflecting the larger sample

size of female subjects. In contrast, W-map cluster volume

showed larger effect sizes in women and was significant

only in female subjects, potentially suggesting that the

BLME approach is more robust to sex differences. Alter-

natively, TIV is a covariate in the w-score adjustments,

and given the strong association of TIV with sex, this

adjustment may remove important disease related effects

and reduce predictive accuracy. Definitive conclusions

about sex-specific effects cannot yet be drawn given the

small sample sizes here, and future studies with adequately

powered cohorts will be critical to determine whether sex

differences exist across methodologies and mutation carrier

groups.

The predictive utility of BLME-derived cluster vol-

ume has potential implications for clinical trial design, as

identifying mutation carriers with a high probability of

developing dementia within 24 months allows for more

targeted participant selection and may in turn improve trial

efficiency. This is crucial in f-FTLD trials, which are difficult

to power due to rarity and clinical heterogeneity.14,41 A

future direction is to not only predict when someone will

become clinically symptomatic, but the type of clinical symp-

toms they may first experience based on prodromal brain

atrophy patterns. Inclusion of quantitative clinical and cogni-

tive outcomes would complement structural imaging and

may provide greater sensitivity to detect subtle clinical

changes in the asymptomatic to minimally symptomatic

transition stage. Combining multimodal data (eg, cogni-

tive and imaging) may be particularly helpful in C9orf72

carriers given the clinical heterogeneity and relatively pro-

longed trajectories often observed in this group. Future

studies may also include additional genetic modifiers

known to influence disease progression, such as

TMEM106B, to refine risk stratification and increase the

applicability of our method to broader populations. Future

studies that incorporate cortical thickness metrics, in both

combined models and sex-stratified models, may provide

complementary insights into neurodegenerative patterns in

f-FTLD, as cortical thickness measures can capture subtle

changes in the cerebral cortex that may not be fully

reflected in volumetric measures.

BLME cluster volume may be a promising

marker for predicting disease onset, but there are several

remaining challenges. Although AUCs for BLME cluster

volumes were more robust than other metrics, HRs from

longitudinal survival analyses were largely comparable

across BLME cluster volume, atrophy W-map, and ROI

volume as predictors. Thus, the BLME method may not

outperform other structural imaging methods, highlight-

ing the importance of avoiding overinterpretation of dif-

ferences. Future studies incorporating direct comparisons

with other established longitudinal MRI methods (eg,

tensor-based morphometry and boundary-shift integral)

will be important in determining the unique value of

BLME metrics. Similarly, there are inherent limitations in

comparing the cross-sectional 24-month ROC curve ana-

lyses to the longitudinal survival analyses due to the differ-

ent samples used (n = 96 vs n = 234, respectively) and

the different data used in each model (single timepoint vs

multiple timepoints, respectively). Additionally, the ROC

curve analyses involved a subsample of participants, intro-

ducing potential bias and limiting generalizability. Our

BLME method is also more resource intensive, as a mini-

mum of 3 longitudinal MRI scans are required. Requiring

a minimum of 3 MRI scans may increase the financial

and time burden for researchers and participants, and it is

important to consider whether the advantages of a BLME

approach over simpler approaches outweigh the costs. In

particular, percentile maps are generated in workflows of

numerous existing clinical research and trial settings, and

we envision a detailed evaluation of cost-effectiveness,

feasibility, and clinical integration of this approach versus

our BLME metric as an important future direction.

Threshold selection can influence predictive performance

and remains an area for methodological refinement. In

this study, we explored a range of thresholds based

on prior applications in AD,12 with results demonstra-

ting consistent significance across this range. Future work

will explore more granular, data-driven optimization

approaches (eg, ROC-based or cross-validated selection) to

further enhance robustness and reproducibility. Further-

more, our study only examined negative erf values, as the

goal of our study was to focus on regions that were far

from the expected value, and future efforts may also exam-

ine the predictive value of positive erf values (ie, areas that

are a less-than-expected decrease). The present study,

which sampled across North American and European

f-FTLD research networks, had a relatively large longitudi-

nal sample given the rarity of the disease and the restricted

inclusion criteria, but sample sizes were nonetheless
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relatively small for each genetic group. We included some

individuals with mild symptoms (CDR + NACC-

FTLD = 0.5) due to sample size considerations, but also

because mild symptoms are not always indicators of neu-

rodegeneration and participants with mild symptoms can

revert to being asymptomatic and may remain so for a

number of years.42 Therefore, disease-specific, biomarker-

based metrics of neurodegeneration are very important to

assess in these cases. The expected effect of including these

cases would be to decrease the BLME’s sensitivity to

detecting atrophy at future timepoints, as atrophy rates for

some of these participants may have already begun acceler-

ating. As recruitment of asymptomatic members of fami-

lies affected by these mutations become more common,

regular scans well before disease pathophysiology affects

brain volume may become more available.

Our study demonstrates that BLME cluster volume

predicts dementia conversion in f-FTLD mutation

carriers, with particular utility in the GRN and MAPT

mutations. This innovative methodology, which can be

combined with other biomarkers (eg, plasma neu-

rofilament light chain [NfL] and positron emission tomog-

raphy [PET] imaging), may help with refining participant

selection and trial outcome optimization to tailor

mutation-specific therapeutics (Supplementary Fig S2).
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