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A B S T R A C T   

Genetic mutations causative of frontotemporal lobar degeneration (FTLD) are highly predictive of a specific 
proteinopathy, but there exists substantial inter-individual variability in their patterns of network degeneration 
and clinical manifestations. We collected clinical and 18Fluorodeoxyglucose-positron emission tomography 
(FDG-PET) data from 39 patients with genetic FTLD, including 11 carrying the C9orf72 hexanucleotide expan
sion, 16 carrying a MAPT mutation and 12 carrying a GRN mutation. We performed a spectral covariance 
decomposition analysis between FDG-PET images to yield unbiased latent patterns reflective of whole brain 
patterns of metabolism (“eigenbrains” or EBs). We then conducted linear discriminant analyses (LDAs) to 
perform EB-based predictions of genetic mutation and predominant clinical phenotype (i.e., behavior/person
ality, language, asymptomatic). Five EBs were significant and explained 58.52 % of the covariance between FDG- 
PET images. EBs indicative of hypometabolism in left frontotemporal and temporo-parietal areas distinguished 
GRN mutation carriers from other genetic mutations and were associated with predominant language pheno
types. EBs indicative of hypometabolism in prefrontal and temporopolar areas with a right hemispheric pre
dominance were mostly associated with predominant behavioral phenotypes and distinguished MAPT mutation 
carriers from other genetic mutations. The LDAs yielded accuracies of 79.5 % and 76.9 % in predicting genetic 
status and predominant clinical phenotype, respectively. A small number of EBs explained a high proportion of 
covariance in patterns of network degeneration across FTLD-related genetic mutations. These EBs contained 
biological information relevant to the variability in the pathophysiological and clinical aspects of genetic FTLD, 
and for offering valuable guidance in complex clinical decision-making, such as decisions related to genetic 
testing.   
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1. Introduction 

Frontotemporal lobar degeneration (FTLD) is one of the most com
mon causes of dementia in individuals of age 65 and younger (Rabino
vici and Miller, 2010; Knopman and Roberts, 2011; Boeve et al., 2022). 
A notable feature of this class of degenerative diseases is the relatively 
high proportion of cases for which the culprit of clinical symptoms is 
purely genetic, which is estimated to be 10 % to 30 % of all patients with 
frontotemporal dementia (FTD) (Goldman et al., 2005; Goldman et al., 
2008; Rohrer et al., 2009; Moore et al., 2020; Ramos et al., 2020). The 
three major genes implicated in genetic FTLD are microtubule- 
associated protein tau (MAPT), progranulin (GRN) and chromosome 9 
open reading frame 72 (C9orf72), where MAPT mutations are associated 
with a primary tauopathy and GRN and C9orf72 are associated with 
TDP-43 pathology (Panza et al., 2020). A clinico-pathological paradox 
in genetic FTLD is that genetic mutations are highly predictive of a 
specific underlying proteinopathy, however they can all emerge into a 
wide variety of clinical syndromes predominantly targeting behavioral 
and personality and/or language, as well as memory and/or motor 
functions, although to a lower frequency (Bang et al., 2015; Moore et al., 
2020; Boeve et al., 2022). This syndromic diversity is tied to specific 
patterns of large-scale network degeneration, which are equally het
erogeneous across FTLD-related genetic mutations (Peet et al., 2021; 
Staffaroni et al., 2022). 

An increasing number of studies provide empirical support for the 
use of data-driven techniques to unravel the clinico-radiological het
erogeneity of degenerative dementia syndromes. For instance, a recent 
study by (Jones et al., 2022) using a spectral covariance decomposition 
of 18Fluorodeoxyglucose positron emission tomography (FDG-PET) im
ages to show that a latent space representation indexes patterns of 
network degeneration associated with a wide range of dementia syn
dromes. This approach has also been utilized to decipher the clinico- 
radiological heterogeneity of relatively circumscribed dementia syn
dromes such as posterior cortical atrophy (Townley et al., 2021) and 
dysexecutive Alzheimer’s disease (Corriveau-Lecavalier et al., 2023b). 
In FTLD, similar methods have been used to assess patterns of network 
degeneration associated with the heterogeneity of clinical symptoms in 
behavioral variant fronto-temporal dementia (bvFTD) (Ranasinghe 
et al., 2021; Ramanan et al., 2023) and semantic dementia (Ramanan 
et al., 2023) and to delineate transcriptomics vulnerability and con
nectomics factors associated with atrophy patterns in sporadic and ge
netic bvFTD (Shafiei et al., 2023). Taken together, these findings 
highlight the potential of data-driven methodologies to extricate the 
complex relationships between underlying proteinopathy, patterns of 
network degeneration and syndromic diversity in genetic FTLD. The 
potential use of these techniques could provide valuable information to 
identify patterns of network degeneration indicative of specific genetic 
mutations, track disease progression and assess risk of phenoconversion, 
and develop novel tools informed by quantitative neuroimaging to guide 
complex clinical decision making (Barnard et al., 2022; Vogel et al., 
2022). 

In the present investigation, we aimed to assess patterns of network 
degeneration in genetic FTLD using machine learning. To this end, we 
applied a spectral decomposition of covariance between FDG-PET im
ages in a cohort of individuals with a confirmed genetic mutation 
causative of FTLD (i.e., MAPT, GRN, C9orf72). This analysis produced 
latent patterns of network degeneration based on glucose metabolism 
that are unbiased by clinical classification or genetic status. We then 
evaluated how these patterns distinguished between FTLD-related ge
netic mutations and associated clinical syndromes using group-wise 
comparisons and linear discriminants analyses (LDAs). 

2. Material and methods 

2.1. Participants 

Mutation carriers were recruited from Mayo Clinic Rochester clinical 
practice and were co-enrolled in the Alzheimer’s Disease Research 
Center (ADRC) and ARTFL LEFFTDS Longitudinal Frontotemporal Lobar 
Degeneration (ALLFTD) programs. All of them had a confirmed genetic 
mutation causative of FTLD (MAPT, GRN, C9orf72) (see procedure 
below). All clinical diagnoses were rendered by neurologists sub
specialized in behavioral neurology using clinical standards adopted by 
experts in the field. The diagnostic process primarily relied on medical 
history obtained from the patient and a reliable informant and neuro
logical examination including cognitive screening using the Short Test of 
Mental Status (Kokmen et al., 1991). Assessments were conducted 
through a structured interview covering various cognitive and behav
ioral symptoms related to the core clinical criteria for the clinical syn
dromes included in the study. Additional diagnostic assessment, 
including imaging, neuropsychological and/or speech and language 
pathology assessments, were often conducted as part of clinical care or 
co-enrollment in research programs. While these assessments supported 
clinical diagnoses, they did not determine it. Because neuropsycholog
ical and speech and language assessments were heterogeneous (e.g., 
performed in outside settings versus at Mayo Clinic, clinical versus 
research settings, etc.) and not administered across the whole patient 
cohort, we do not include such data in the paper. Carriers either had 
normal neurologic function (i.e., asymptomatic) or a clinical diagnosis 
of an FTLD-related syndrome predominantly and initially targeting 
behavior and/or language according to widely accepted criteria (Gorno- 
Tempini et al., 2011; Rascovsky et al., 2011). Although the statistical 
analyses only considered the predominant clinical phenotype, a more 
fine-grained clinical classification of these phenotypes includes bvFTD 
(Rascovsky et al., 2011), mild behavioral and/or cognitive impairment 
(MCBI) (Barker et al., 2022), both of which may be accompanied with 
parkinsonism (P), motor-neuron disease (MND) or amyotrophic lateral 
sclerosis (ALS), and primary progressive aphasia (PPA) (Gorno-Tempini 
et al., 2011) and language mild cognitive impairment (langMCI), both of 
which could be accompanied by corticobasal syndrome (CBS) (Arm
strong et al., 2013). A description of the diagnostic process and fine- 
grained phenotypic information about symptomatic carriers can be 
found in Supplementary Table 1. 

This study met HIPAA privacy standards and was approved by the 
Mayo Clinic Institutional Review Board. Patients and/or their legal 
representative provided written consent upon their clinical visit for their 
data to be used for research purposes. 

2.2. Genetic testing 

Study participants were screened for mutations related to genetic 
FTLD (C9orf72, GRN, MAPT) based on DNA extracted from peripheral 
blood according to previously established protocols (Hutton et al., 1998; 
Baker et al., 2006; DeJesus-Hernandez et al., 2011; Ramos et al., 2020). 

2.3. FDG-PET acquisition and processing 

FDG-PET images were acquired using a PET/CT scanner (GE 
healthcare or Siemens) after a 30-minute uptake period in a dimly lit 
room. Scanning acquisition lasted 8 min divided into four 2-minute 
dynamic frames following a low-dose CT transmission scan. Imaging 
processing was done using an MRI-free pipeline including the registra
tion to the Mayo Clinic Adult Lifespan Template (MCALT) (available at 
https://www.nitrc.org/projects/mcalt/) using a non-linear symmetric 
diffeomorphic registration, a spatial normalization using a 6 mm full- 
width-half-minimum (FWHM) kernel and intensity normalization to 
the pons to produce a standard uptake value ratio (SUVR) image. 
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2.4. Biological projection and reduction 

We performed a spectral decomposition of covariance between FDG- 
PET images called “Biological projection and reduction” (BPR), which 
provides a biologically interpretable, low-dimensional state space 
reflecting inter-individual variability in patterns of macro-scale network 
degeneration (Townley et al., 2021; Jones et al., 2022; Corriveau- 
Lecavalier et al., 2023b). This method consists of mean-centering 
FDG-PET images and scaling them by the interquartile range (IQR), 
and flattening images into a one-dimension array of voxels which are 
then entered into a subject-by-voxel matrix. This matrix is then sub
mitted to a singular value decomposition to yield a set of latent factors, 
or “eigenbrains” (EBs). It is important to note that EBs do not represent 
patterns of hypometabolism per se, but rather patterns of whole-brain 
metabolism with opposing poles of relative hyper- and hypo
metabolism. The directionality of patient-level patterns is determined by 
the loading factor on a given eigenbrain, referred as to an “eigenvalue”. 
This eigenvalue can be either positive or negative and describes how the 
pattern of hypometabolism in a given patient relates to the topology and 
directionality of an EB. The number of EBs to retain for analysis was 
determined using Horn’s method (Horn, 1965). This method stems from 
the sampling theory and proposes that factoring should stop when 
components account for equivalent or lower variance than expected by 
chance. This is determined using the latent-root criterion, which com
pares the latent root of each EB to those of randomly determined vari
ables with identical dimensions. 

2.5. Statistical analysis 

Analyses were performed with a combination of Python (version 
3.7.12) (BPR analysis) and R (version 4.0.5; https://www.rproject.org/) 
(statistical analyses). Demographic and clinical data between symp
tomatic carriers grouped according to genetic mutation (MAPT, GRN, 
C9orf72) and asymptomatic carriers (regardless of mutation) were 
compared using analyses of variance (ANOVAs) followed by Tukey’s 
post-hoc tests when the omnibus test was significant (continuous vari
ables) and chi square analyses (categorical variables). 

Differences between genetic mutations and clinical syndromes (i.e., 
behavioral, language, asymptomatic) on each significant EB were 
assessed using ANOVAs. Mixed phenotypes (e.g., mixed bvFTD/PPA) 
were classified according to the initial clinical manifestation. We per
formed a multivariable linear model to assess the relationship between 
significant EBs and cognitive impairment. Specifically, all eigenvalues 
from significant EBs were entered as predictors of STMS scores across 
the entire cohort. Finally, we conducted linear discriminant analyses 
(LDAs) based on eigenvalues of all significant EBs to perform data- 
driven multiclass predictions separately for the type of genetic muta
tion and clinical phenotype. These predictions were then compared with 
true genetic mutation and clinical syndromes. 

3. Results 

3.1. Demographic and clinical data 

Table 1 displays demographic and clinical data for the patient sam
ple. Age FDG-PET differed across groups, where all symptomatic carriers 
groups were older than asymptomatic carriers, and C9orf72 and GRN 
mutation carriers were older than MAPT mutation carriers. Groups also 
differed at age at symptom onset, where GRN carriers were older than 
both C9orf72 and MAPT carriers, and C9orf72 carriers were older than 
MAPT carriers. Asymptomatic carriers had higher STMS scores than 
GRN carriers only. However, groups did not statistically differ in terms 
of sex distribution or years of education. The most frequent predominant 
phenotype across mutations was behavioral (25/39). Most carriers with 
a predominant language phenotype had a GRN mutation (6/7) and most 
asymptomatic carriers had a MAPT mutation (6/7). Due to the very 

small number of persons with specific mutations in MAPT and GRN, 
information on specific mutations is purposefully not included here in 
order to protect confidentiality. 

3.2. Eigenbrains results 

Five EBs were retained for analysis and collectively accounted for 
58.52 % of covariance between FDG-PET images. A visual depiction of 
the Horn analysis used to determine the optimal number of EBs can be 
found in Supplementary Fig. 1. Fig. 1 displays these EBs along with 
group-wise comparisons between genetic mutations and predominant 
clinical phenotype. Supplementary Fig. 1 displays the same data along 
with fine-grained phenotypic information. 

EB1 accounted for 25.58 % of covariance and reflected a pattern of 
cortical organization opposing relative metabolism in heteromodal 
cortices bilaterally with a right hemispheric predominance (negative 
eigenvalues) to primary sensory and motor areas bilaterally (positive 
loading). Group-wise comparisons according to the type of genetic 
mutation revealed that GRN had lower eigenvalues compared to MAPT 
and C9orf72 mutations carriers. Comparisons according to predominant 
clinical phenotype showed that carriers with language-associated syn
dromes had lower eigenvalues compared to those with predominant 
behavioral syndromes and asymptomatic carriers. This means that more 
hypometabolism in heteromodal cortices relative to primary and 
sensorimotor areas was associated with a higher likelihood of having a 
GRN mutation and a language-related phenotype relative to their ge
netic and phenotypic counterparts. 

EB2 accounted for 13.57 % of covariance and reflected a pattern 
opposing relative metabolism in medial frontal, orbitofrontal, and 
temporopolar areas bilaterally with a strong right hemispheric pre
dominance (negative eigenvalues) to parieto-frontal areas bilaterally 
with a left hemispheric dominance (positive eigenvalues). Group-wise 
comparisons according to the type of genetic mutation revealed that 
MAPT had lower eigenvalues compared to GRN and C9orf72 mutations 
carriers. This means that MAPT mutation carriers had more hypo
metabolism in medial/orbitofrontal and temporopolar areas relative to 
parieto-frontal cortices compared to GRN and C9orf72 mutations car
riers, and vice-versa. Group-wise comparisons according to predominant 
clinical phenotype showed that carriers with language-associated syn
dromes had higher eigenvalues compared to those with predominant 
behavioral syndromes and asymptomatic carriers, and thus had more 
hypometabolism in parieto-frontal cortices relative to medial/orbito
frontal and temporopolar areas relative to other phenotypes. 

EB3 accounted for 9.14 % of covariance and reflected a pattern 
opposing relative metabolism in prefrontal areas bilaterally with a right 
hemispheric predominance and right middle and inferior temporal 
cortices (negative eigenvalues) to occipito-parietal areas bilaterally with 
a slight left hemispheric dominance and left temporal cortices (positive 

Table 1 
Demographic and clinical data.   

C9orf72 MAPT GRN Asymptomatic P value 

N 11 10 11 7  

Age at FDG 59.6 
(10.6) 

50.3 
(11.9) 

66.2 
(5.33) 

41.4 (6.3) <0.001a 

Age at 
symptom 
onset 

52.5 
(12.4) 

42.2 
(8.08) 

63.1 
(6.09) 

N/A <0.001b 

Sex (M, F) 9, 2 6, 4 8, 3 3, 4 0.3 
Education 

(years) 
15.6 
(1.99) 

14.2 
(1.92) 

17.4 
(2.16) 

16 (2.38) 0.08 

STMS (/38) 27.7 
(9.85) 

26.5 
(6.95) 

24.4 
(11.6) 

37 (0.58) 0.02c  

a Asymptomatic < C9orf72, GRN, MAPT; MAPT < GRN, MAPT. 
b GRN > C9orf72 > MAPT. 
c GRN < Asymptomatic. STMS = Short Test of Mental Status. 

N. Corriveau-Lecavalier et al.                                                                                                                                                                                                                

https://www.rproject.org/


NeuroImage: Clinical 41 (2024) 103559

4

eigenvalues). Group-wise comparisons between clinical phenotypes 
revealed that carriers with language-related disorders had higher ei
genvalues than those with a predominant behavioral syndrome. This 
means that carriers with language-related disorders had relatively more 
hypometabolic patterns in left occipito-parieto-temporal areas 
compared to right prefrontal areas compared to behavioral phenotypes, 
and vice-versa. Comparisons between genetic mutations were not 

significant. 
EB4 accounted for 5.53 % of covariance and reflected a pattern 

opposing relative metabolism in lateral temporo-parietal areas with a 
right hemispheric predominance (negative eigenvalues) to frontal and 
medial temporo-parietal areas (positive eigenvalues). Group-wise com
parisons according to the type of genetic mutation revealed that C9orf72 
had lower eigenvalues compared to GRN mutation carriers. Thus, 

Fig. 1. FDG-PET eigenbrains and group comparisons according to genetic mutation and predominant clinical phenotype. The color bars represent positive (warm 
colors) and negative (cold colors) eigenvalues for each EB. These EBs reflect patterns of relative metabolism between two opposing poles of hyper- and hypo
metabolism. For each EBs, a negative eigenvalue is associated with lower metabolism in areas of cold colors relative to those with warm colors. EB = eigenbrain. EB 
= Eigenbrain. 

N. Corriveau-Lecavalier et al.                                                                                                                                                                                                                



NeuroImage: Clinical 41 (2024) 103559

5

C9orf72 mutation carriers had, on average, more hypometabolism in 
right lateral temporo-parietal areas relative to frontal and medial 
temporo-parietal areas compared to GRN mutations carriers, and vice- 
versa. Group-wise comparisons according to predominant clinical 
phenotype were not significant. 

Eigenbrain 5 (EB5) accounted for 4.70 % of covariance and reflected 
patchy patterns opposing relative metabolism in parieto-frontal areas 
bilaterally (negative eigenvalues) to temporal areas with a left hemi
spheric predominance, the precuneus, and the orbitofrontal cortex 
bilaterally and the right dorsolateral prefrontal cortex (positive eigen
values). Group-wise comparisons according to the type of genetic mu
tation or predominant clinical phenotypes were not significant. 

3.3. Associations between EBs and cognitive impairment 

A multivariable linear model including eigenvalues of all significant 
EBs as predictors of STMS scores revealed that lower eigenvalues on EB1 
(i.e., hypometabolism in heteromodal cortices relative to primary and 
sensorimotor areas) predicted lower STMS scores, i.e., more severe 
cognitive impairment, F(5, 30) = 4.03, p = 0.0065, R2adj = 0.302. 

3.4. LDA multi-class predictions 

The LDA analyses aimed at predicting genetic mutation or predom
inant clinical phenotype used two linear discriminants in both cases. 
Results are displayed in Table 2. The two-dimensional embeddings 
resulting from these LDA analyses along with confusion matrices be
tween true and predicted labels are displayed on Fig. 2. 

The multi-class predictions yielded an accuracy of 79.5 % (confi
dence intervals 63.5–90.7 %) for genetic status. Predictions were mostly 
accurate for each genetic mutation, where 14/16 MAPT, 10/12 GRN and 
7/11 C9orf72 carriers were correctly classified. Classification accuracy 
for predominant clinical phenotype was 76.9 % (confidence intervals 
60.7–88.9 %). Here, 5/7 language and all of the behavioral phenotypes 
were correctly classified, whereas all asymptomatic cases were mis
classified as behavioral. The two mislabeled language phenotypes were 
predicted to be behavioral, and none of the cases were predicted to be 
asymptomatic. 

4. Discussion 

We aimed to decipher the clinico-radiological heterogeneity of ge
netic FTLD using data-driven techniques. To this end, we used a spectral 
decomposition analysis to decode the covariance between FDG-PET 
images of a cohort of patients with one of the three major genetic mu
tations that cause FTLD. This yielded five latent patterns of network 

degeneration, which are referred to as EBs, that are reflective of this 
heterogeneity and that explained nearly 60 % of the covariance between 
FDG-PET images across the whole patient cohort. These EBs contained 
biological information relevant to inter-individual variability in clinical 
symptomatology and predicted genetic mutation with relatively high 
accuracy. These findings have important implications for the phenotypic 
and biological characterization of FTLD-related genetic mutations and 
the development of clinical decision-making tools to track disease pro
gression and risk of phenoconversion in genetic FTLD. 

Our findings using FDG-PET images as a starting point are in large 
agreement with previous studies which have used group-wise compar
isons between clinical syndromes and genetic mutations (Whitwell et al., 
2012). An important observation is that EBs reflecting asymmetry in 
patterns of metabolism (EB1, EB2, EB4) distinguished GRN mutation 
carriers from other genetic mutations. This aligns with the common 
observation of asymmetric patterns of brain abnormalities in this pop
ulation, which are often left-lateralized (Rohrer et al., 2010; Chen and 
Kantarci, 2020; Saracino et al., 2023). Moreover, these left-lateralized 
hypometabolic patterns, which involved the parieto-frontal areas (i.e., 
“executive control network”) and the temporo-parietal junction (i.e., 
“language network”), were most often associated with clinical pheno
types predominantly targeting language functions (Whitwell et al., 
2015). This is in line with investigations that have found a greater 
prevalence of language-related phenotypes in GRN mutation carriers 
relative to other common FTLD genetic mutations (Le Ber et al., 2008; 
Van Langenhove et al., 2013; Moore et al., 2020; Saracino et al., 2021). 
The finding of a significant association between eigenvalues on EB1 and 
STMS scores also echo previous studies from our group showing that the 
degeneration of heteromodal cortices better relates to higher-order 
cognitive processes rather than behavioral symptoms (Corriveau- 
Lecavalier et al., 2022; Jones et al., 2022; Corriveau-Lecavalier et al., 
2023b; Corriveau-Lecavalier et al., 2023a). 

Hypometabolic patterns in frontotemporal areas with a strong 
involvement of temporal poles with a right hemispheric predominance 
(EB2) were highly specific to MAPT mutation carriers and were associ
ated with predominantly behavioral phenotypes. This is again in line 
with previous studies showing that MAPT mutations most often target 
the temporal lobes (Cash et al., 2018; Fumagalli et al., 2018; Jones et al., 
2018; Chu et al., 2021; Staffaroni et al., 2022). This also underlines the 
crucial yet underappreciated involvement of temporopolar areas not 
only in language functions but also in emotional regulation and behavior 
(Josephs et al., 2009; Erkoyun et al., 2020; Younes et al., 2022; Mesu
lam, 2023). This also indicates that clinical phenotypes caused by MAPT 
mutations may resemble those associated with sporadic FTLD selectively 
targeting temporal poles and which are almost universally caused by 
TDP-43 type C (Josephs et al., 2009; Mesulam, 2023; Mesulam et al., 
2023). This may warrant different therapeutic strategies in individuals 
manifesting this pattern depending on whether it is caused by a MAPT 
mutation or not. 

Another finding is that hypometabolism in frontotemporal areas 
(EB3) was associated with predominant behavioral phenotypes. This 
was expected given that this pattern is highly similar to the archetypical 
pattern of atrophy observed in bvFTD (Whitwell et al., 2011; Boeve, 
2022). This pattern was however not specific to any genetic mutation. 
This is likely due to the fact that bvFTD is the most common phenotype 
across all genetic mutations that cause FTLD (Moore et al., 2020), and 
hence this pattern of abnormalities lacks specificity in that regard. 
Regarding C9orf72 carriers, relative hypometabolism in frontal and 
parietal areas (EB2 and EB4) discriminated these carriers from GRN and 
MAPT carriers. However, there was no clear correspondence with a 
predominant clinical phenotype. This may be due to the relatively 
higher clinical heterogeneity in C9orf72 included in this group relative 
to other mutations, and the fact that C9orf72 carriers more often man
ifest with prominent psychiatric and motor features (Snowden et al., 
2012), which were not considered in this study. Further investigation of 
data-driven patterns of network degeneration in relation to these 

Table 2 
Performance metrics for the linear discriminant analyses for genetic mutation 
and predominant clinical phenotype.   

Genetic mutation 

Metric C9orf72 MAPT GRN 

Sensitivity 0.778 0.909 0.737 
Specificity 0.867 0.929 0.900 
Positive predictive value 0.636 0.833 0.875 
Negative predictive value 0.929 0.963 0.783 
Balanced accuracy 0.822 0.919 0.818   

Predominant clinical phenotype 

Metric Behavioral Language Asymptomatic 

Sensitivity 0.735 1.000 N/A 
Specificity 1.000 0.941 0.821 
Positive predictive value 1.000 0.714 N/A 
Negative predictive value 0.357 1.000 N/A 
Balanced accuracy 0.868 0.971 N/A  
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symptoms are needed. 
The LDA analyses strictly using eigenvalues as input features ach

ieved relatively high accuracy in predicting genetic mutation status. 
This suggests that FTLD-related genetic mutations, despite their sub
stantial clinico-radiological heterogeneity, have specific patterns of 
network degeneration that is encoded in their large-scale pathophysi
ology and that can be detected with FDG-PET. Prediction of predomi
nant clinical phenotype was excellent for symptomatic carriers. This is in 
line with previous studies showing that FDG can distinguish degenera
tive dementia phenotypes with high accuracy and can provide valuable 
information for differential diagnosis (Nestor et al., 2018; Jones et al., 
2022). All asymptomatic carriers were misclassified as having a 
behavioral phenotype, which significantly hindered the overall model 
performance. This may, however, indicate that FDG allows for detection 
of early pathognomonic metabolic changes prior to overt clinical 
symptomatology. It is, however, to be determined whether these carriers 
will eventually evolve into a behavioral syndrome upon longitudinal 
follow-up. 

Overall, our findings show that data-driven techniques applied to 
FDG-PET imaging were able to quantify patterns of network degenera
tion associated with the clinical heterogeneity across major FTLD ge
netic mutations. Moreover, these patterns largely align with the extant 
literature that have used group-wise comparisons to compare clinical 
and radiological features across these mutations. This has wide-ranging 
clinical implications. A better understanding of the patterns of network 
degeneration specific to FTLD-related genetic mutations can guide 
clinical decision-making. For instance, it can hint at the presence of an 
FTLD-related genetic mutations and prompt further workup including 
genetic testing, if not already planned. This is particularly important 
given the relatively high frequency of fully penetrant genetic mutations 

in FTLD compared to other common causes of degenerative dementia. 
The integration of such knowledge into tools aimed at supporting 
complex clinical decision-making informed by the quantification of 
FDG-PET is underway (Barnard et al., 2022). However, it is important to 
note that the current study did not include non-genetic FTLD patients 
and hence the sensitivity and specificity of such patterns of degeneration 
to FTLD-related genetic mutations remains to be determined. Our find
ings also support the development of network-based biomarkers utiliz
ing global patterns of network degeneration to potentially track disease 
progression and risk of phenoconversion across FTLD-related genetic 
mutations. Such biomarkers, either in isolation or in combination with 
other tools such as plasma biomarkers, could improve disease progres
sion models and optimize clinical trials, for instance by reducing sample 
size required to detect clinically meaningful effects induced by thera
peutic interventions (Staffaroni et al., 2022). This is an active line of 
research from our group. It is also important to emphasize the advan
tages of data-driven techniques that parametrize inter-individual vari
ability in the global physiology of the brain as a starting point rather 
than a priori clinical classifications or even genetic status in isolation. 
Indeed, many recent studies have shown that large-scale patterns of 
global function that are selectively degenerated in dementia syndromes 
align with many relevant biological properties such as the tran
scriptomic, myeloarchitectonic, and cytoarchitectonic topology of the 
brain (Burt et al., 2018; Huntenburg et al., 2018; Shafiei et al., 2023) and 
neurotransmission systems (Goulas et al., 2021; Hansen et al., 2022). A 
better understanding of the large-scale patterns of degeneration across 
FTLD-related genetic mutations could thus help develop effective in
terventions aimed at large-scale systems. 

Our findings must be interpreted in the context of a few limitations. 
The sample size is rather small, which directly speaks to the low 

Fig. 2. Linear discriminant analysis embedding based on FDG-PET eigenbrains. Carriers are represented in the embeddings based on the LDA analyses separately 
conducted for genetic mutation and predominant clinical phenotype. Confusion matrices are shown comparing true versus predicted category for genetic mutation 
and predominant clinical phenotypes. 
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prevalence of FTLD-related genetic mutations. This prevented us from 
examining patterns of network degeneration associated with a wider 
range of clinical manifestations. This study is cross-sectional, and 
therefore it was not possible to assess how patterns of network degen
eration change over time. This would be particularly important in 
asymptomatic carriers to assess whether changes in network physiology 
can forecast impending phenoconversion. The data included in this 
study came from both clinical practice and research settings, and hence 
clinical examinations were not homogeneously conducted. Finally, 
while our analyses allowed us to uncover about 60 % of the covariance 
between FDG-PET images, around 40 % remains to be explained. Future 
studies will be needed to investigate factors potentially related to this 
unexplained variance (e.g., cognitive reserve, technical factors, etc.). 

5. Conclusions 

We leveraged data-driven methodologies to uncover the clinico- 
radiological heterogeneity of the three major genetic mutations that 
cause FTLD. A small set of latent patterns of large-scale network 
degeneration accounted for a high proportion of covariance between 
FDG-PET images and related to the syndromic variability across these 
genetic mutations. These findings are important to better understand the 
large-scale physiology of genetic FTLD and have implications for the 
development of disease models, interventions programs, and the 
development of clinical tools supported by quantitative imaging. Lon
gitudinal multimodal studies in large cohorts covering a wider pheno
typic spectrum and asymptomatic carriers are required to fulfill these 
aims. 
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