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Abstract

Background: Differential diagnosis of dementia syndromes is difficult. Treatments are
available for Alzheimer’s dementia (AD), but effects do not translate to other dementia
syndromes. Therefore, early differential diagnosis is necessary to administer appropriate
interventions and to boost drug development and research of therapeutic strategies that may
lower patient and care-giver burden. The focus of the current study is to disentangle the clinical
picture of frontotemporal dementia (FTD) from AD spectrum disorders. Findings could support
an early, cheap, and more accurate diagnosis.
Methods: K-means clustering, an unsupervised machine learning algorithm, was used on
neuropsychological data from neurologic patients of the FTLD consortium databank. The
analysis was performed twice, once including only neuropsychological test scores and a second
time combining the neuropsychological variables with questionnaire scores assessing
behavioral changes. In total n = 484 and n = 469 participants were included in the analysis with
and without questionnaires, respectively. Participants included were either healthy controls
with no family relation to patients in the dataset, or patients diagnosed with one of the following
dementia disorders: AD, a behavioral variant of FTD (bvFTD), or one of three possible primary
progressive aphasia (PPA) syndromes - a semantic variant (svPPA), a non-fluent variant
(nfvPPA) or a logopenic variant (IvPPA).
Results: Agreement of results from the various analyses performed was relatively high.
Homogeneous clusters of diagnostic groups emerged. Homogeneity seemed higher for bvFTD
and svPPA than for the other patient groups. NfvPPA and IvPPA patients were particularly
likely to cluster together. Exploring neuropsychological patterns of cluster results demonstrated
high variability between patients of the same diagnostic groups, which could partly be explained
by differences in disease severity. Tests that might prove particularly relevant to distinguish
diagnostic subgroups are the FTLD-CDR sub-scores, the repeat and point task as well as
questionnaires assessing apathy.
Conclusion: K-means clustering proved to be a useful technique to explore various diagnostic
syndromes that show overlapping clinical pictures. This study helped to formulate specific
hypotheses based on the observation of patterns in multidimensional data. Disease severity
showed to impact k-means clustering results considerably and should therefore be accounted
for in future studies. Future studies will need to test the formulated hypotheses and inspect the
meaning of impure clusters.

Keywords: k-means clustering, frontotemporal dementia, primary progressive aphasia,

Alzheimer’s dementia, differential diagnosis, neuropsychological tests
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1 Introduction

Based on the WHO, dementia affects around 55 million people worldwide and with an
aging population this number is predicted to double in the upcoming 30 years (Dementia, 2021).
Dementia is a syndrome characterized by cognitive decline that can be very heterogeneous
depending on the underlying cause, the most common being Alzheimer’s Disease (AD).
Frontotemporal Dementia (FTD) is thought to be the second most common early-onset
dementia after AD and the third most common dementia following AD and Lewy Body
Dementia (Bang et al., 2015; Hogan et al., 2016) but exact estimates of its prevalence vary
across studies (J. J. Young et al., 2018). Despite its clinical and pathological heterogeneity, it
is now recognized to contain three main variants: behavioral variant FTD (bvFTD; in older
studies sometimes referred to as FTD) and two primary progressive aphasias (PPA), semantic
variant PPA (svPPA) and non-fluent variant PPA (nfvPPA) (for a review see e.g. Bang et al.,
2015; Olney et al., 2017). Related FTD syndromes include FTD with motor neuron disease,
progressive supranuclear palsy (PSP) and corticobasal degeneration (CBS) (Elahi & Miller,
2017).

The first description of a patient with FTD was made by Arnold Pick in 1892 (Arnold
Pick, 1892). The patient showed left anterior temporal atrophy and would today be considered
for a diagnosis with svPPA (Olney et al., 2017). Mesulam in 1982 described two subtypes of a
slowly progressive aphasia, a fluent and a non-fluent variant and sought to differentiate them
from AD pathology. Later he grouped his observations under the term PPA (M. M. Mesulam,
2001). The first clinical diagnostic criteria were established in 1994 (Neary et al., 1994) and
lead to the formulation of consensus criteria in 1998 (Neary et al., 1998). The current diagnostic
guidelines in place for bvFTD and the PPAs, were formulated by Rascovsky et al. (2011) and
Gorno-Tempini et al. (2011), respectively. Both guidelines keep a similar structure allowing
the clinician to diagnose according to the evidence at hand. Thus, a diagnosis can be expressed
hierarchically, depending on certainty levels. In that way, for bvFTD based on observation of
cognitive and behavioral symptoms alone a diagnosis of “possible bvFTD” may be given.
Further converging evidence from neuroimaging allows for a diagnosis of “probable bvFTD”.
Lastly, based on additional histopathologic or genetic evidence, a clinician can give the
diagnosis of “bvFTD with definite pathology”. Similarly, a diagnosis of one of the PPA variants
can be given as “clinical”, “imaging-supported” or, as diagnosis “with definite pathology”. This
distinction is in accordance with the gold standard for diagnosis of specific dementia subtypes
depending on pathology examined via autopsy postmortem (or rarely via biopsy) (Elahi &

Miller, 2017). Alternatively, a definite diagnosis may be given based on genetic testing, as
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known gene mutations associated with FTD pathology are thought to have complete penetrance
(Lanata & Miller, 2016; Onyike & Diehl-Schmid, 2013).

The neurodegenerative process underlying FTD is frontotemporal lobar degeneration
(FTLD) and leads to neuronal dysfunction and later atrophy in frontal and anterior temporal
lobes with heterogeneity across patients (Piguet et al., 2011). Histopathologically,
neurodegeneration in most FTD cases can be attributed to intracellular tau, TDP-43 or FUS
aggregates (Biirger et al., 2017; Elahi & Miller, 2017; van der Ende & van Swieten, 2021) but
differs markedly also between FTD variants. BvFTD shows similar prevalence of tau and TDP
aggregates, nfvPPA is associated mainly with tau and svPPA instead with TDP aggregates
(Piguet et al., 2011). However, a significant proportion of nfvPPA patients has also shown AD
pathology (Grossman, 2010). Several gene mutations have been associated to a FTD diagnosis
later in life (for a review see Deleon & Miller, 2018). Family history of a FTD or other
neurodegenerative disease is found in 20-50% of FTD patients (Deleon & Miller, 2018; Elahi
& Miller, 2017; Rosso et al., 2003). Yet, most cases are thought to be sporadic with autosomal
dominant heritability accounting for approximately 10% of cases with higher heritability of
bvFTD and lower heritability of svPPA (Goldman et al., 2005).

Generally, FTD is considered an early-onset dementia meaning that most commonly
symptoms start before age 65 (Ratnavalli et al., 2002). Particularly bvFTD shows an early onset
of the disease (Coyle-Gilchrist et al., 2016). BvFTD is also the most common accounting for
60% of FTD cases (Hogan et al., 2016; Johnson et al., 2005; Onyike & Diehl-Schmid, 2013).
1.1 FTD and PPA Variants

The syndromes associated with the three core variants of FTD are heterogeneous
(Beeldman et al., 2018) and the clinical phenotype depends on type and location of underlying
pathology. Initially, bvFTD is associated with behavioral and the PPAs with core language
impairments. With increasing disease duration, the neurodegenerative process progresses to
include more areas, deficits becoming less specific and often overlapping between FTD variants
and with other neurodegenerative diseases, particularly with AD and logopenic variant PPA
(IvPPA), considered an atypical AD variant (Biirger et al., 2017; Coyle-Gilchrist et al., 2016).
1.1.1 BvFTD

Core changes associated with bvFTD are related to behavior and personality involving
most commonly apathy and disinhibition but also mental rigidity and loss of empathy (Bang et
al., 2015; Rabinovici & Miller, 2010; Rascovsky et al., 2011; William W. Seeley et al., 2008).
Disinhibition is observed as socially inappropriate such as aggressive or even criminal behavior.

Apathy is associated to significant impairment in basic and instrumental activities of daily
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living (Peet et al., 2021; Piguet et al., 2011). With progression of the disease, dietary changes,
most commonly overeating, and decreased hygiene are observed (Bang et al., 2015). Missing
insight, particularly prevalent in bvFTD puts the safety of individuals at risk (DeLozier &
Davalos, 2016; Rabinovici & Miller, 2010). The described clinical picture of bvFTD makes
clear why caregiver burden is high and increased also in comparison to AD (Ljubenkov &
Boxer, 2021; Piguet et al., 2011; Riedijk et al., 2006). Uncertainty in diagnosis and prognosis
of the disease may further add to the caregiver burden.

Especially in the early stages of the disease neuropsychological assessments may not
show any impairments (Devineni & Onyike, 2015; Rabinovici & Miller, 2010) and behavioral
observations may be more informative than formal cognitive testing (Kertesz et al., 2003;
Warren et al., 2013). Current diagnostic criteria do not require impaired cognitive functioning
for a clinical diagnosis (Rascovsky et al., 2011). Instead, the neuropsychological profile
described in the diagnostic criteria is a supportive but not necessary feature for diagnosis. In
comparison to previous guidelines by Neary et al. (1998) current guidelines have been shown
to be more sensitive especially to early stages of the disease. This is probably due to a greater
flexibility in how criteria for a diagnosis can be fulfilled (Rascovsky et al., 2011; Rascovsky &
Grossman, 2013), thus better reflecting the clinical heterogeneity of bvFTD.

The neuropsychological profile including executive dysfunction in combination with
relatively intact episodic memory and visuo-spatial skills has been criticized and calls for
revision of these guidelines have been expressed (Michael Hornberger & Piguet, 2012; Piguet
et al., 2011). Piguet et al. (2011) criticizes the focus on executive dysfunction for diagnosis as
well as the expectation of relatively intact episodic memory function. Disturbances in executive
function are indeed associated with (Deuschl et al., 2016; Kramer et al., 2003; Schroeter et al.,
2014; Walker et al., 2005) but not thought to be specific for bvFTD (Foran et al., 2021;
Overbeek et al., 2020; Reul et al., 2017; Schroeter et al., 2018). Inconsistent findings are
common. This could be due on the one hand to the inherent complexity of executive functioning
involving a variety of cognitive processes. On the other hand specific tests for executive
functioning may differ in sensitivity and ecological validity (Rascovsky & Grossman, 2013).
In AD executive functions were found to be at least as impaired as in bvFTD (Foran et al., 2021;
Reul et al., 2017). To accommodate for these findings executive functioning may be assessed
combining different measures (Rascovsky & Grossman, 2013). Additionally, it has been
suggested that the number of errors such as perseverations, intrusions or rule violations, could
be more informative than the total scores on neuropsychological tests of executive function

(Kamath et al., 2019; Kramer et al., 2003).
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More recent literature has shifted from a focus of executive function deficits to the study
of social and emotional functions in bvFTD for its delineation from other disorders. This may
be performed using informant-based ratings or using newer formal testing (Kamath et al., 2019;
Rankin, 2021). Indeed, a meta-analysis on the cognitive profile of bvFTD found the largest
effect sizes for social cognition impairment (Beeldman et al., 2018). Additionally, one study
found the Ekman 60 faces test to be the only one out of a group of tests assessing a variety of
cognitive functions, able to differentiate bvFTD from both psychiatric and neurodegenerative
patients (Gossink et al., 2018). Using the same test, another study found impairment in most of
bvFTD patients, but difference with AD was insignificant (Reul et al., 2017). These contrasting
findings may be the result of grouping very different neurodegenerative disorders in the first
study. Using a modified version of the Reading the Mind in the Eyes Tests (RMET), thought
to assess mentalizing ability, Schroeter et al. (2018) showed that social cognition tests may be
more predictive of bvFTD than executive function tests and suggest inclusion of social
cognition deficits in the diagnostic criteria of bvFTD. Additionally, this study showed the
advantage of wusing informant-based ratings of patient’s behavior compared to
neuropsychological testing in bvFTD. A review suggests usefulness of social cognition
assessments to differentiate bvFTD from AD and the other FTLD variants (Rankin, 2021).

In contrast to the neuropsychological profile described in the current guidelines for
bvFTD diagnosis claiming relatively spared memory function, pooled evidence presented in a
review finds memory deficits in a significant proportion of patients (Michael Hornberger &
Piguet, 2012). Compared to controls, one third to half of bvFTD patients may show impairment
in memory function (Reul et al., 2017) and in some the extent of memory deficits may be
comparable to the severity observed in AD patients (Ahmed et al., 2021; Graham, 2005; M.
Hornberger et al., 2010). Memory deficits are usually secondary to other deficits such as
behavioral changes or executive dysfunctions (Michael Hornberger & Piguet, 2012) and in most
bvFTD patients they are less pervasive than in AD which could explain why it has been
overlooked for a long time. Further, clinical heterogeneity and possible inclusion of non-
neurodegenerative cases (i.e. phenocopy) could be a reason for inconsistencies across studies
(Michael Hornberger & Piguet, 2012).

Two main hypotheses have been proposed to explain the memory dysfunctions in
bvFTD. Some suggest that memory deficits may be the result of executive dysfunctions leading
to retrieval problems. Accordingly, in a meta-analysis Kamath et al. (2019) finds impairment
to be more pronounced for delayed than immediate recall and recognition tasks. Additionally,

impairments in autobiographical memory seem to correlate with impairments in executive
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function in bvFTD (Michael Hornberger & Piguet, 2012). In AD instead memory problems are
thought to be hippocampal-dependent and more related to encoding rather than retrieval. The
second hypothesis suggests an involvement of hippocampal pathology in bvFTD. This is
supported by neuroimaging studies finding pathology to extend to hippocampal regions in some
patients (Beeldman et al., 2018; Gordon et al., 2016; Reul et al., 2017). Both explanations are
not mutually exclusive but may instead provide insight into the breadth of the clinical spectrum
and underlying pathology. Concluding from the presented findings, episodic memory should
not be used as an exclusion criterion for bvFTD diagnosis and might not be useful in a
differential diagnosis with AD (Diehl et al., 2005; Michael Hornberger & Piguet, 2012).

With progression of the disease language deficits may arise in bvFTD compared to
healthy controls. Coyle-Gilchrist et al. (2016) for example found impaired language function in
up to 70% of patients. Most consistently impairments are found on tests of semantic or
phonologic fluency (Biirger et al., 2017; Sitek et al., 2015), which could be the result of
neurodegenerative progression into language areas, or instead result from impaired executive
functioning. Additionally, impaired naming has been reported (Bang et al., 2015; Kamath et al.,
2020). However, in general it is important to keep in mind that the usefulness of
neuropsychological tests especially in early disease stages is limited and behavioral assessments
such as informant-based questionnaires or newer developed performance tests may be more
informative (Schroeter et al., 2018).

BVvFTD is sometimes referred to as frontal variant of FTD in accordance with the
neurodegenerative process being most prominent in bilateral frontal and prefrontal regions
extending to the anterior temporal regions (Gordon et al., 2016; Pan et al., 2012; Rabinovici &
Miller, 2010; Rascovsky et al., 2011). Impaired functioning of the salience network (Moguilner
et al., 2021) including frontal lobe, anterior cingulate cortex, insula, amygdala, medial thalamus
and ventral striatum, has been found in bvFTD and was related to behavioral symptoms
(Rankin, 2021) and clinical deficits in social cognition such as mentalizing and emotion
recognition (Gordon et al., 2016). Pooling results from magnetic resonance imaging (MRI) and
positron emission tomography (PET) studies, a meta-analysis on the three variants of FTD,
suggests a triple dissociation in areas underlying the clinical syndromes. For bvFTD, seven
clusters including frontomedian areas, thalamus, left superior frontal sulcus and right anterior
insula showed significant changes (i.e. atrophy and hypometabolism) compared to controls
(Schroeter et al., 2007). Similar results were found in a second, later meta-analysis (Schroeter
et al., 2014). Drawing from functional neuroimaging studies in healthy controls, the authors

state that impaired functioning in these areas might explain the pattern of symptoms observed
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in bvFTD, namely changes in executive and social functioning, apathy, disinhibition, and a loss
of empathy. Findings did not however support the involvement of areas related to mentalizing
abilities (Schroeter et al., 2014). On the neural level, the neurodegenerative process in bvFTD
may be particularly focused on von Economo neurons found in anterior cingulate, insular and
orbitofrontal regions (William W. Seeley et al., 2008). Interestingly, these neurons were
previously related to social cognition, lending further support to the conception of bvFTD
symptoms relating to behavioral and socioemotional changes (E.-J. Kim et al., 2012; William
W. Seeley et al., 2006).

1.1.2 PPA

The PPAs are characterized by main changes in language function (Deuschl et al., 2016;
Elahi & Miller, 2017; Neary et al., 1998). A diagnosis of PPA requires language difficulties to
be progressive over time and changes in language function to be the most prominent cause for
impairments in activities of daily living (Gorno-Tempini et al., 2011). After a generic diagnosis
of PPA, further evidence may support a specification as one of three possible variants of PPA:
nfvPPA and svPPA pertaining to the FTD spectrum or IvPPA considered as atypical form of
AD (M.-M. Mesulam et al., 2021). Some patients may not be easily classified in one of the
three variants (Gil-Navarro et al., 2013; Grossman, 2010; Harris et al., 2013; Leyton et al.,
2014; Utianski et al., 2019) and literature has suggested existence of more variants and mixed
pathology (M. M. Mesulam, 2001).

1.1.2.1 NfvPPA. Core symptoms of nfvPPA are effortful speech or agrammatism with
some patients showing or with progression developing both deficits (Gil-Navarro et al., 2013;
Leyton et al., 2014). Characteristic speech apraxia leads to slowed speech production rate and
omission of words is described as telegraphic style. Apraxia may extend also to other, non-
speech movements of mouth and face in some patients (Marshall et al., 2018). With progression,
patients may develop complete mutism (Grossman, 2010). Compared to bvFTD, svPPA and
AD, patients with nfvPPA are only rarely affected by loss of insight (DeLozier & Davalos,
2016) and thus suffer from their difficulties, commonly resulting in frustration (Marshall et al.,
2018) and mild depression (Sitek et al., 2015). Over time, decreased motivation and apathy may
emerge (Grossman, 2010).

The most useful neuropsychological tests involve reading and repetition tasks as well as
confrontation naming. Phonologic or articulatory errors, omissions and simplifications are
commonly observed and are more pronounced with increasing stimulus complexity and length
(Macoir et al., 2021). For the assessment of grammar, spontaneous speech or picture description

tasks may be useful (Gorno-Tempini et al., 2011; M. Henry & Grasso, 2018). While in early
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stages of the syndrome, patients may rely on preserved written abilities, dysgraphia commonly
develops over time (Biirger et al., 2017; Marshall et al., 2018). Comprehension and semantic
knowledge are usually spared.

Neuroimaging findings suggest primary degeneration in left fronto-insular and temporal
areas including inferior frontal and superior temporal gyrus (Dave et al., 2020; Gordon et al.,
2016; Gorno-Tempini et al., 2011; Ruksenaite et al., 2021). A meta-analysis found all abnormal
clusters from MRI and PET imaging compared to controls to be located in the left hemisphere
(Schroeter et al., 2007). Degeneration in this peri-sylvian network may be visible on structural
neuroimaging as enlargement of the left Sylvian fissure (Grossman, 2010; Marshall et al.,
2018). An impaired link between language and motor networks may disturb generation of motor
output and explain the symptoms observed (Ruksenaite et al., 2021; William W. Seeley et al.,
2009). With progression, neurodegeneration spreads to more anterior and pre-frontal regions as
well as to parietal regions including the basal ganglia (Gordon et al., 2016; Schroeter et al.,
2007).

1.1.2.2 SVPPA. In svPPA loss of semantic knowledge results in core problems in
confrontation naming (i.e. anomia) and word comprehension (Gil-Navarro et al., 2013; Gorno-
Tempini et al., 2011; Kramer et al., 2003; M. M. Mesulam, 2001). Deficits are more pronounced
for less common words (M. Henry & Grasso, 2018). Speech is fluid but becomes progressively
empty in content, reducing to platitudes. During reading, patients may make regularization
errors in pronunciation due to loss of associated meaning (Macoir et al., 2021). With disease
progression, loss of semantic knowledge extends to non-verbal domains and may develop to
object agnosia and prosopagnosia (Bang et al., 2015; Rabinovici & Miller, 2010; Ruksenaite et
al., 2021). Prosopagnosia may be particularly common in a right-hemisphere dominant variant
of svPPA (Sitek et al., 2015). Non-language and behavioral symptoms of svPPA may be similar
to those observed in bvFTD (Rabinovici & Miller, 2010; Ruksenaite et al., 2021) and insight
may be reduced (DeLozier & Davalos, 2016).

Neurodegeneration in svPPA usually develops in one hemisphere, most commonly the
dominant one, and spreads to the contralateral one over time. SvPPA is also referred to as
temporal variant with pathology most pronounced in anterior temporal regions including rhinal,
hippocampal and temporal pole regions that are part of the semantic network (Gordon et al.,
2016; Ruksenaite et al., 2021). Involvement of the amygdala and subcallosal area may explain
deficits in socioemotional processing (Schroeter et al., 2007). Over time, degeneration
progresses to more anterior and posterior regions and to the contralateral hemisphere.

1.1.2.3 LvPPA. Diagnostic criteria for IvPPA require deficits in word retrieval during
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spontaneous speech and impaired sentence repetition (Gorno-Tempini et al., 2011). Disturbed
phonemic processing influences speech production. This is reflected in phonological errors in
both spontaneous speech and structured tasks of repetition or naming. Difficulties in repetition
may be intensified by phonological short-term memory deficits, with greater impairments for
longer sentences (Gil-Navarro et al., 2013). Phonological dyslexia and dysgraphia are present
for both words and nonwords (M. Henry & Grasso, 2018; Macoir et al., 2021). Generally,
comprehension and semantic knowledge are spared but impaired phonemic processing may
impede parsing of speech sounds into meaning leading to deficits in understanding degraded
speech (Ruksenaite et al., 2021).

Originally only two variants of PPA were recognized: semantic and non-fluent variants
referred to as semantic dementia and progressive non-fluent aphasia, respectively (Mesulam,
2001). LvPPA is clinically most similar to nfvPPA but differs in underlying pathology. While
nfvPPA is most associated with tau-aggregates, IvVPPA shows AD pathology, i.e. tau and
amyloid deposition (Deuschl et al., 2016). PET scans to detect amyloid pathology are usually
positive and analysis of cerebrospinal fluid (CSF) shows heightened tau and reduced amyloid
levels (Grossman, 2010; Henry & Gorno-Tempini, 2010). Neurodegeneration in IvPPA shows
a more posterior profile with involvement of the parietal lobes. This is in accordance with major
language deficits and other non-verbal deficits observed such as limb apraxia and dyscalculia
(M. L. Henry & Gorno-Tempini, 2010). A key area affected by IvPPA pathology may be the
temporo-parietal junction (TPJ) (Leyton et al., 2014; Rohrer et al., 2013) involved in auditory
phonemic transformations and phonological short-term memory (Gil-Navarro et al., 2013).
Over time, pathology spreads to the contralateral side but rate of atrophy remains higher for the
left hemisphere compared to the right one, intensifying asymmetry with progression (Rohrer et
al., 2013).

1.2 Distinction of the Three PPA Variants with Neuropsychological Assessments

In contrast to bvFTD, in PPA cognitive abnormalities usually predominate over
behavioral ones facilitating a clinical diagnosis using common neuropsychological tests
(Devineni & Onyike, 2015). The primary deficit being language, the use of various language
assessments is well established and required for differentiation of the three syndromes.
Especially the assessment of confrontation naming, using for example the Boston naming test,
may be useful in differentiating svPPA from the other two variants although anomia is common
in all PPA variants (Gil-Navarro et al., 2013). A combination of a lexical-semantic and a
syntactical test may further differentiate the three variants with nfvPPA showing primary

impairment in the test of syntax in accordance with agrammatism and svPPA showing impaired
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lexical-semantic processing. Performance in patients with IvVPPA was relatively spared in both
tasks (M. Mesulam et al., 2009). A repeat and point task showed particularly informative for
the distinction of svPPA and the two other variants (Seckin et al., 2022). Based solely on clinical
features, the distinction between nfvPPA and IvPPA may be the most challenging of the three
(Leyton et al., 2014).

Although, not the primary deficit, memory is commonly impaired in the PPAs.
Interestingly, findings of memory dysfunction were already observed in part of the earliest cases
described by Pick (A. Pick, 1901, 1904; Arnold Pick, 1892) and a systematic
clinicopathological study by Constantinidis et al. (1974 as cited in Michael Hornberger &
Piguet, 2012) found a majority of patients with Pick’s disease to present with memory deficits.
Those patients showed atrophy in the medial temporal lobe including the hippocampus and a
significant correlation between extent of atrophy and clinical impairment. Another group
showed more prefrontal atrophy which was related to memory deficits particularly in the correct
ordering of past events. Further, behavioral deficits similar to those observed in bvFTD may
arise, most commonly in svPPA but also in the other variants (Bang et al., 2015; Coyle-Gilchrist
et al., 2016). Thus, although main deficits are language-related, the syndromes are not restricted
to language symptoms but instead encompass a variety of symptoms and current diagnostic
criteria may not capture their diversity (Ruksenaite et al., 2021).

1.3 Correct Diagnosis is Difficult

Several factors make correct and early diagnosis of FTD and its variants complicated
and years may pass by until correct diagnosis is reached (Beber & Chaves, 2013; Coyle-
Gilchrist et al., 2016; van Vliet et al., 2013). Neurodegenerative dementia syndromes are
characterized by an insidious onset, making changes hard to recognize for close others (Convery
et al., 2019; Warren et al., 2013). Additionally, early onset dementias may pose a particular
diagnostic challenge due to their heterogeneity, scarcity and low familiarity in the society
(Devineni & Onyike, 2015; Rossor et al., 2010).

FTD syndromes and even more so PPA variants are relatively rare (Hogan et al., 2016;
Ratnavalli et al., 2002) leading several authors to suggest possible underdiagnosis (Bertoux et
al., 2012; Knopman & Roberts, 2011; Marshall et al., 2018; Rascovsky et al., 2011; J. J. Young
et al., 2018). However, a risk for high number of false positive diagnoses has also been reported
for bvFTD (Shinagawa et al., 2014) and the doubt for possible overdiagnosis of PPA in recent
years has been expressed (M.-M. Mesulam et al., 2021). While late diagnosis may prevent
patients from receiving early treatment or therapeutical intervention, false positive diagnoses

cause harm to the individual and their surrounding and need to be avoided (van Vliet et al.,
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2013).

The PPA variants compared to bvFTD may be easier to diagnose as deficits are primarily
cognitive rather than behavioral (Devineni & Onyike, 2015). However, significant
heterogeneity within each FTD variant (Beber & Chaves, 2013; Beeldman et al., 2018; Gordon
et al., 2016; Harris et al., 2013; Piguet et al., 2011; A. L. Young et al., 2018) and considerable
overlap between variants (e.g. Bang et al., 2015) complicate correct differentiation. In part
responsible for the heterogeneity could be the rarity of studies with pathologically confirmed
cases (e.g. Foran et al., 2021; Mufioz-Neira et al., 2019; van’t Hooft et al., 2021) making patient
groups less homogeneous and possibly contaminated with misdiagnoses of other
neurodegenerative or non-neurodegenerative diseases (M. Hornberger et al., 2010; Valente et
al., 2019). With progressive neurodegeneration greater overlap in the clinical pictures of
different syndromes is observed which further complicates accurate differentiation (Dave et al.,
2020; H. J. Rosen et al., 2000).

Within FTD syndromes, overlap between svPPA and bvFTD is particularly prominent
(Coyle-Gilchrist et al., 2016; Kamath et al., 2019). Specifically, right-sided dominant svPPA
has been associated with behavioral symptoms typical of bvFTD (Marshall et al., 2018; W. W.
Seeley et al., 2005). Additionally, existing diagnoses may not be sufficient to explain pathologic
and clinical characteristics observed in all patients. This may be particularly true for the PPAs
(Grossman, 2010; Kamath et al., 2020). Instead, mixed pathologies and comorbidities make a
clear delineation between disorders difficult (M.-M. Mesulam et al., 2021; W. W. Seeley et al.,
2005). Newer suggestions include the description of individuals on a multidimensional
spectrum rather than within a specified diagnostic category. This has been proposed for FTD
syndromes (Murley et al., 2020) and for PPA variants (Ingram et al., 2020) and may have
benefits for therapeutical interventions (Ingram et al., 2020; Murley et al., 2020).

The most common misdiagnosis of FTD syndromes is AD or an atypical AD variant
such as IVPPA (Ahmed et al., 2021; Beber & Chaves, 2013; Biirger et al., 2017; Seo et al.,
2018). Risk for misdiagnosis is particularly high for late-onset FTD while early onset AD may
be at risk for misdiagnosis as FTD. Thus, although the separation of early and late onset
dementia relies on an arbitrary cut-off at 65 years (Devineni & Onyike, 2015; Rossor et al.,
2010), the recognition of bvFTD and AD as early and late-onset dementias respectively may
influence diagnostic tendencies. Additionally early onset AD may more commonly show
atypical, non-amnestic symptoms including executive and language deficits (Tellechea et al.,
2018) and personality changes (Josh D. Woolley et al., 2011). The challenge of accurate

differential diagnosis is that finding significant group differences is not sufficient. Instead, large
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effect sizes and low percent overlap are required for a test to be sensitive and specific for one
diagnosis over another (Hutchinson & Mathias, 2007). In a meta-analytic study by Hutchinson
& Mathias (2007) all cognitive measures that showed a significant difference between AD and
FTD groups, showed overlap ranging from 32-48%. Overlap in cognitive deficits with AD was
also reported separately for the PPAs (Kramer et al., 2003; Lecerf et al., 2020) and for bvFTD
(Baborie et al., 2012; Buhl et al., 2013; Musa et al., 2020; Peet et al., 2021; Reul et al., 2017;
Walker et al., 2005). Additionally, nfvPPA and IvPPA are at a particularly high risk of being
confounded due to similarity in clinical phenotypes (Biirger et al., 2017; M.-M. Mesulam et al.,
2021).

Overlap has also been reported for pathology underlying the different syndromes.
Rabinovici & Miller (2010) state that 10-30% of patients with an FTD diagnosis may show AD
pathology at autopsy. With increasing age the presence of AD pathology alongside FTD
pathology becomes more likely and patients with amyloid-positive PET scans were found in all
three FTD variants (Gordon et al., 2016). Additionally, amyloid-negative IvPPA patients were
reported and have been linked to the presence of TDP-43 aggregates typical of FTLD pathology
(Matias-Guiu et al., 2019).

1.4 Misdiagnosis With Primary Psychiatric Disorders is Common

A considerable proportion of patients with neurodegenerative diseases is first diagnosed
with a primary psychiatric disorder. This is particularly true for FTD (Josh D. Woolley et al.,
2011) and has the adverse effect of delaying duration until correct diagnosis is reached (Rosness
et al., 2008). Differential diagnosis is difficult due to patients commonly showing psychiatric
symptoms. In fact, psychiatric symptoms are now considered a hallmark of dementia (Collins
et al., 2020; Desmarais et al., 2020; Gambogi et al., 2019; Mulder-Heijstra et al., 2021). In a
systematic review on the prevalence of apathy, depression and anxiety, Collins et al. (2020)
found apathy to be most common in bvFTD in accordance with diagnostic criteria (Rascovsky
et al., 2011). Instead, more than 70% of patients with IvPPA and svPPA showed anxiety and
depression, respectively. Prevalence of psychiatric symptoms in nfvPPA was more variable but
up to half of the patients showed depression.

People with primary psychiatric disorders on their side are not preserved from cognitive
changes (Overbeek et al., 2020). Generally, cognitive deficits are greater in dementia
syndromes than in primary psychiatric disorders (Gambogi et al., 2019). However, during mood
episodes patients with bipolar disorder showed greater deficits compared to patients with
bvFTD (Simjanoski et al., 2021). Bipolar disorder, schizoaffective disorder and schizophrenia

have all been related to impaired verbal memory, verbal fluency and executive function of
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different severities (Baez et al., 2019; Ducharme et al., 2020; Gambogi et al., 2019).

A complex relationship between dementias and primary psychiatric disorders has been
reported in the literature (Desmarais et al., 2020) with an increased risk for dementia following
a diagnosis of psychiatric diseases. For example patients with bipolar disorder showed an
increased risk for a dementia syndrome later in life (Roman Meller et al., 2021; Simjanoski et
al., 2021), a specific link was found for depression and FTD (Kuring et al., 2018) and patients
with PTSD were associated with a greater prevalence of svPPA (Bonanni et al., 2018). One
hypothesis for the observed relationship suggests that psychiatric diseases may pose an
endogenous or reactive risk for the development of a dementia by producing changes in
inflammatory processes or lifestyle, respectively (Gambogi et al., 2019; Kuring et al., 2018).
Another hypothesis suggests that psychiatric symptoms may represent a prodromal stage of a
neurodegenerative disease (Caixeta & Caixeta, 2011; Roman Meller et al., 2021; Josh D.
Woolley et al., 2011). Further, some authors have hypothesized that cognitive decline, similar
to the known dementias, may represent a late stage of psychiatric disorders (Gambogi et al.,
2019). Possibly, psychiatric disorders may thus be associated with disorder-specific dementia
syndromes. These hypotheses are not mutually exclusive (Josh D. Woolley et al., 2011). One
reason for the complex interplay between FTD syndromes and psychiatric disorders, could be
common genetic risk factors involved in both as was reported for example for psychotic and
bipolar syndromes (for bvFTD. Ducharme et al., 2020; Lanata & Miller, 2016; for FTD: Roman
Meller et al., 2021).

Symptomatic overlap with primary psychiatric disorders is particularly prominent in
bvFTD (Peet et al., 2021). In the early stages of bvFTD patients may not show cognitive
symptoms and neuropsychiatric symptoms such as apathy, disinhibition and compulsions are
not just common (Ducharme et al., 2020) but also part of the diagnostic criteria for bvFTD
(Rascovsky et al., 2011). In combination with a younger age of symptom onset these behavioral
changes make a referral to a psychiatrist rather than a neurologist common (Lanata & Miller,
2016). BVFTD being a relatively rare disease compared to psychiatric disorders, symptoms of
bvFTD may then be misinterpreted as pertaining to a psychiatric disorder, most commonly
major depressive disorder, bipolar disorder or schizophrenia (Gambogi et al., 2019; Lanata &
Miller, 2016; Josh D. Woolley et al., 2011; Joshua D. Woolley et al., 2007). In a retrospective
study by Josh D. Woolley et al. (2011) for example, half of the patients with a diagnosis of
bvFTD had first received a psychiatric diagnosis. Further, bvFTD patients with a specific gene
mutation (C9orf72 gene expansion) are reported to show high prevalence of psychotic

symptoms and are at risk of being misdiagnosed with schizophrenia (Lanata & Miller, 2016).
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Psychiatric symptoms are common also in PPAs and were already noted in the case
report by Mesulam (1982). Misdiagnosis with a primary psychiatric disorder may be especially
prevalent in (right-sided dominant) svPPA (W. W. Seeley et al., 2005). Single cases have been
reported that may suggest that PPA has a prodromal stage of psychiatric symptoms (Caixeta &
Caixeta, 2011). However, psychiatric symptoms in PPAs are more common with progression
rather than at onset of the disease and most studies therefore focus on the emergence of
psychiatric symptoms following diagnosis of PPA (Mulder-Heijstra et al., 2021).

Studies investigating the overlap between psychiatric disorders and FTD are difficult
and often rely on small cohorts (Modirrousta et al., 2013). Further consortium studies may be
necessary to elucidate their link and facilitate clear diagnosis and appropriate treatment. A
differential diagnosis may be helped by longitudinal observation with a progressive decline in
cognitive function suggesting a neurodegenerative disease. The analysis of neurofilament light
chain (NfL) levels in blood serum or CSF shows promising differentiation between FTD and
primary psychiatric disorders (Ducharme et al., 2020; Vijverberg et al., 2017). A battery of
social and emotional cognition assessments was suggested to perform well in differentiating
bvFTD from major depressive disorder (Bertoux et al., 2012). Another study found use of
verbal function tests, particularly those including semantic components, to be helpful for
differentiation of bvFTD with primary psychiatric disorders (Overbeek et al., 2020).

1.5 Combining Multimodal Evidence

Differential diagnosis may be aided with the use of neuroimaging techniques, the
analysis of biofluids and genetic testing in cases of known family history. Multimodality may
be key for an accurate diagnosis. In clinical practice the use of neuropsychological assessments,
patient- and informant-based history taking in combination with volumetric MRI are most
common to diagnose a patient with FTD (Dev et al., 2021; Piguet et al., 2011). The diagnostic
criteria include evidence from volumetric imaging, acquired by MRI or computed tomography
(CT), or functional imaging, by PET or single-photon emission CT (SPECT) for higher
confidence in the diagnosis (Gorno-Tempini et al., 2011; Rascovsky et al., 2011).

1.5.1 Neuroimaging

Neuroimaging may aid to exclude non-neurodegenerative causes of dementia (Warren
et al., 2013) or differentiate FTD from other neurodegenerative syndromes, most commonly
forms of AD. Compared to MRI, the use of PET may aid earlier diagnosis as metabolic changes
may closely correspond to but have the advantage of preceding atrophy (Schroeter et al., 2007;
Yeo et al., 2013). Specifically, the use of FDG-PET has shown good discriminability between
FTD and AD (Dev et al., 2021; Foster et al., 2007) and might be particularly informative in
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bvFTD as neuropsychological assessments may be of limited help (Guillén et al., 2020). In the
search of “metabolic signatures” associated with different dementia syndromes, Dave et al.
(2020) also finds large overlap between syndromes complicating their delineation. If ambiguity
persists between a diagnosis of AD and FTD syndromes, amyloid PET scans may help shed a
light on the underlying pathology. As seen previously, this is of particular interest for
differentiating bvFTD from AD and nfvPPA from IvPPA due to the difficulty of distinguishing
them clinically (Gordon et al., 2016). Newer developments in research also highlight the
potential use of tau-PET (Hall et al., 2017) but its clinical utility still needs to be shown
(Ruksenaite et al., 2021). Electroencephalography (EEG), a cheap imaging technique that could
be easily applicable in clinics, has so far not proven useful for FTD (Livint Popa et al., 2021;
Micanovic & Pal, 2014). Other research has investigated the added value of diffusion tensor
imaging (DTI). This may be interesting for early diagnosis as white matter changes are thought
to precede grey matter changes (Gordon et al., 2016). To sum up, it is important to keep in mind
the clinical context of these applications. While use of FDG-PET in clinics is increasing, it is
not the primary imaging method also due to costs and invasiveness. More sophisticated methods
such as (resting state) functional MRI, arterial spin labelling and DTI remain completely
reserved to the use in the research setting (Dev et al., 2021; Elahi & Miller, 2017; Vernooij et
al., 2019).
1.5.2  Fluid Biomarker

For AD the analysis of CSF to determine amyloid-beta, phosphorylated-tau and total tau
levels is an established biomarker predictive of the disease (Deuschl et al., 2016). Its use for
differential diagnosis of FTD and AD however may be limited as it cannot confirm or rule out
FTD and amyloid pathology is also involved in healthy aging. So far, no FTD-specific fluid-
biomarker exists in clinical practice (Denk et al., 2018; van der Ende & van Swieten, 2021).
One promising candidate is NfL, that may be detected in the CSF or, less invasively in the blood
and shows possible use for differentiation of FTD from primary psychiatric and other
neurodegenerative diseases (Bridel et al., 2019; van der Ende & van Swieten, 2021). One study
suggests that serum NfL levels could indicate disease intensity, meaning that it is associated
with faster disease progression and correlates significantly with rate of frontal lobe atrophy
(Rohrer et al., 2016). In two studies Steinacker et al. (2017, 2018) investigates the use of serum
NfL as a marker of disease progression in the PPA variants and bvFTD, respectively. In bvFTD,
NfL serum concentrations correlated significantly with brain atrophy and functional
impairment, as assessed by the clinical dementia rating scale (CDR), FTLD-CDR and mini-

mental state examination (MMSE). Similar results were found for the PPAs but correlation with
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functional impairment were limited to the CDR only. However, serum NfL concentrations were
able to distinguish IvPPA from nfvPPA and svPPA with a similar performance as other CSF
marker.

Despite the difficulties faced in the diagnosis of dementia syndromes it is important to
keep in mind the importance of continuing to search for more accurate criteria and possible
biomarkers. An early and accurate diagnosis is crucial for appropriate and early interventions
to the patient and caregivers (Romero & Wenz, 2002), powers clinical trials and allows for
prediction about disease progression (Gordon et al., 2016; M. L. Henry & Gorno-Tempini,
2010). So far, no disease-modifying treatment is available for FTD. Pharmacological treatments
aimed at reducing cognitive and behavioral symptoms are only rarely tested specifically for
FTD and instead may be based on evidence from other diseases such as AD. Positive effects
from drugs observed in AD may however not be reflected when used by FTD patients and in
some cases even worsen the course of FTD (J. J. Young et al., 2018). A review on available
pharmaceutical treatments, development of new treatments as well as the hurdles in the research
of treatments for FTD highlights the potential of targeting tau pathology (Panza et al., 2020).

To summarize, no in vivo gold standard for the (differential) diagnosis of FTD exists.
Diverse techniques, neuropsychological tests or interviews, structural or functional
neuroimaging as well as the analysis of biofluids can inform clinical decisions. No single
method outperforms the others while the use of multiple and sophisticated methods may not be
feasible in clinical practice due to time and cost constraints but also due to invasiveness.
Considering patient history, symptomatology and, if available, informant reports, a specific
clinical question may be formulated that may help deciding which technique could be most
appropriate. Combining the evidence from multiple modalities is necessary to ensure a
sufficiently confident diagnosis but clinical feasibility forces research to find time- and cost-
efficient answers. One large potential comes from the use of machine learning (ML) techniques
allowing for computer-aided diagnoses or prognoses. Especially, in the case of FTD, where
heterogeneity between cases of the same syndrome and overlap with other disorders is a big
problem, ML could aid in finding patterns within data rather than looking for single predictive
tests.

1.6 Applications of ML for Medical Questions

ML, one of the major branches of artificial intelligence, is concerned with learning
specific patterns in data with a major goal of making predictions on unseen data (Kononenko,
2001; Shailaja et al., 2018; Wiens & Shenoy, 2018). Being inherently multivariate, ML tries to

find complex relationships between many, sometimes hundred or thousand covariates (Wiens
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& Shenoy, 2018). Ideally, by describing the data or allowing for accurate predictions, it
uncovers new relationships and knowledge (Yanase & Triantaphyllou, 2019). Common
problems investigated include computer vision and language processing in written or spoken
form (Qayyum et al., 2021; Wiens & Shenoy, 2018). Possible applications of ML are diverse
and include the financing and security sector but also the healthcare sector (Shailaja et al.,
2018).

Most interesting for the current study are the applications of ML on the lowest level of
the healthcare sector, that is supporting healthcare providers, usually doctors, in diagnostic and
treatment decisions (Shahid et al., 2019). The tasks in which ML can support clinicians, include
prognosis, diagnosis, treatment and in the clinical workflow (Qayyum et al., 2021). For
example, prognosis includes predictions on whether a patient is at risk for a specific disorder or
disease (Callahan & Shah, 2017; Deo, 2015; Koutsouleris et al., 2009). Such screening may
allow for prevention and earlier treatment (Wiens & Shenoy, 2018).

ML techniques can be categorized in supervised, unsupervised, semi-supervised and
reinforcement learning methods with the first two being most common for applications in brain
disorders. Common supervised learning algorithms applied to clinical problems include
decision trees, support vector machines (SVM) and artificial neural networks (Christodoulou et
al., 2019). They are trained on labelled data, whether the label is a group or a continuous score
(Qayyum et al., 2021). Thus, in supervised learning the outcome to be predicted is known
(Callahan & Shah, 2017; Deo, 2015; Shailaja et al., 2018). Instead in unsupervised learning,
the data does not contain labels that need to be matched by predictions but algorithms group
data by similarity defined by a specific criterion. Common unsupervised learning techniques
are clustering methods (e.g., hierarchical clustering or k-means clustering) or dimensionality
reduction techniques such as principal component analysis. Unsupervised learning studies are
used to detect outliers or subgroups (Bhardwaj et al., 2017; Qayyum et al., 2021). It is a way to
investigate disease heterogeneity using a data-driven approach (Habes et al., 2020) and
compared to supervised learning models they are less hypothesis-driven as they do not assume
specific classes in the data (Feczko et al., 2019).

1.6.1 Advantages of ML Applications in Healthcare

With the emergence of electronic health records and continuous data acquisition via
wearable devices, medical research has access to large amounts of data from various modalities
(Callahan & Shah, 2017; Qayyum et al., 2021). Further, an increasing number of consortia and
multi-centric studies allows for acquisition of data from larger cohorts and often over a long

term (e.g., Lei et al., 2019; Otto et al., 2011; Postema et al., 2019). This offers new possibilities
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especially for the investigation of rare conditions in which sample sizes for classic case-control
studies are rather small. However, despite the great advantage of increasing data-availability,
this data may be unstructured (Bhardwaj et al., 2017) and noisy (Kononenko, 2001) and with
its high dimensionality not suitable for classic statistical analysis. Exemplifying this, the
analysis of neuroimaging data is often performed by voxel-wise comparison using voxel-based
morphometry (VBM) which assumes independence of voxels (Khvostikov et al., 2018).
Instead, most brain disorders are thought to be network-level disorders. With its multivariate
approach, ML techniques can handle large, complex data sets and provide new solutions for the
analysis of such data to understand the heterogeneity underlying many disorders (Koutsouleris
et al., 2009; Orru et al., 2012; Yanase & Triantaphyllou, 2019). Additionally, algorithms can
be continuously updated when new data is acquired (Bhardwaj et al., 2017).

Medical decisions are made on the level of the individual. Group-level statistics may
not be appropriate for such decisions. A study by Scarpazza et al. (2013) demonstrates that
comparing single patients to a control group is not appropriate as it is prone to false positives
due to individual heterogeneity, even when strict criteria are applied. Such studies assume the
single case to represent a “typical” patient which is rarely true. Instead, ML techniques make
predictions on the level of the individual (Lei et al., 2019; Orru et al., 2012) and may offer new
opportunities towards the goal of a patient-centered medical care (Bhardwaj et al., 2017; Deo,
2015; Shahid et al., 2019). This in turn may allow for earlier and better treatment as well as for
the development of new treatments targeting specific subgroups of patients (Deo, 2015).

Further advantages of ML applications are reduced costs and diffusion of expert
knowledge. Reduced costs are ensured by more efficient administration of time and resources
(Shailaja et al., 2018). This could be especially useful for low- and middle-income countries
(Musa et al., 2020). Diffusion of expertise can be enacted by allowing the use of these expert
systems to health care professionals that may be less trained or less aware of possible
differential diagnoses and treatment options. Additionally, they may help in working conditions
in which fatigue, stress and distraction may otherwise lead to error prone decisions by health
professionals (Yanase & Triantaphyllou, 2019). However, it is necessary to stress that these
decision-support systems should never be used blindly. The goal of clinical ML applications is
to support decisions rather than to establish full automation (Deo, 2015; Qayyum et al., 2021;
Topol, 2019; Yanase & Triantaphyllou, 2019). An increasing reliance on ML comes with
increasing risks for security (Qayyum et al., 2021) and ethical problems, such as whom to be
held accountable in the case of a mistake (Grote & Berens, 2020; Vayena et al., 2018) and

possible biases with algorithms performing better for some societal groups than others (I. Y.
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Chen et al., 2021). To avoid these concerns, it is important that clinical experts are involved in
the development of decision-support systems and that decisions made are maximally
transparent meaning that the reasons underlying predictions can be retraced (Ahmad et al.,
2018; Kononenko, 2001; Wiens & Shenoy, 2018). This so called explainability may generally
decrease with increasing model complexity and is one reason for simple models to be favored.
1.6.2  Points of Caution

While one strength of ML models is that they are able to find complex relationships
between great number of variables, maximizing simplicity of the models is a main goal (Deo,
2015; Kononenko, 2001). Additional to ensuring explainability, simplicity also reduces the time
and costs needed for acquisition of the data. Some types of data such as genetic, functional
imaging or pathologic data may be used in research but are not readily available in the clinical
field due to costs, limited time or invasiveness (Dev et al., 2021). Thus, a trade-off between
precision and simplicity exists to ensure usefulness in practice. To be suitable for clinical
applications a decision-support system needs to offer added value for diagnostic precision,
exceeding current diagnostic accuracies, while at the same time maximizing simplicity. This
may be helped by feature selection finding the best subset of variables (Deo, 2015; Yanase &
Triantaphyllou, 2019) and regularization algorithms which penalize more complex models (P.-
H. C. Chen et al., 2019; Wiens & Shenoy, 2018).

One problem that may be faced when establishing decision support-systems using
supervised learning techniques, is that the quality of their predictions is highly dependent on
label quality (P.-H. C. Chen et al., 2019; Qayyum et al., 2021; Wiens & Shenoy, 2018). Taking
the example of FTD, in which accurate diagnosis is difficult, there may be uncertainty in the
diagnoses of patients within a dataset. Predictions made by a ML algorithm trained on this
dataset can then be only as good as the diagnostic labels in the dataset it trained on.

1.6.3 Use of ML Techniques for Research About FTD

The last decade has seen a great interest in the application of ML techniques for FTD
patient cohorts. Most commonly these studies use supervised learning algorithms such as SVM
(e.g., Bron et al., 2014; Kloppel et al., 2008; Meyer et al., 2017). Some studies use a variety of
ML algorithms to compare their ability to correctly predict the class that participants belong to
(e.g., Ficiara et al., 2021; Garcia-Gutierrez et al., 2022; Lage et al., 2020). Most studies make
use of volumetric data from MRI (e.g., Chagué et al., 2020; Harper et al., 2016; Ma et al., 2021)
while some use other neuroimaging tools (e.g., Arterial Spin Labelling: Bron et al., 2014, 2017;
resting-state fMRI: Bouts et al., 2018; Donnelly-Kehoe et al., 2019; Feis et al., 2019; Moguilner
et al., 2021; Premi et al., 2016; QEEG: Garn et al., 2017; MEG: Shaw et al., 2021; PET or
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SPECT: Abdi et al., 2012; Horn et al., 2009; Xia et al., 2014), cognitive assessments (e.g., Cope
et al., 2017; Garcia-Gutierrez et al., 2022; Zimmerer et al., 2020), data from biofluid samples
(e.g., Ficiara et al., 2021; Lin et al., 2020), eye tracking data (e.g., Lage et al., 2020; Primativo
et al., 2017) or transcranial magnetic stimulation (e.g., Benussi et al., 2020). Some studies also
investigate the added value of multimodal classifiers combining neuroimaging with
neuropsychological data (e.g., Dottori et al., 2017; Wang et al., 2016; Zhutovsky et al., 2019).
Multi-centric studies are common and are able to demonstrate the robustness of the developed
algorithms for classification (e.g., Bachli et al., 2020; Benussi et al., 2020; Young et al., 2018).
To evaluate the performance of the developed classifiers, most studies report performance
metrics without any direct comparison. However, some studies compare the classification
accuracy of the ML algorithm with the performance of radiologists (e.g., Chagué et al., 2020;
Harper et al., 2016; Horn et al., 2009). A group of studies focuses on cohorts with a known
genetic risk for developing FTD. For example two longitudinal studies have investigated the
prognostic value of MRI for predicting symptom onset in participants carrying a mutation
associated with FTD (Feis, Bouts, de Vos, et al., 2019; Jiskoot et al., 2019).

Studies using unsupervised algorithms commonly use clustering to investigate natural
grouping of patients and its correspondence with the diagnostic classes. For example based on
FDG-PET data, patients with a diagnosis of PPA grouped in five clusters (Matias-Guiu et al.,
2019). In a different study, four clusters emerged from a cohort of IvPPA and nfvPPA, based
on a language assessment and the presence of amyloid pathology on a PET scan (Leyton et al.,
2014). Clustering of bvFTD patients also indicated the possibility of several subtypes (Bruun
etal., 2019; Ranasinghe et al., 2016; Whitwell et al., 2009). As multimodal studies are relatively
rare the possible correspondence of the clusters found across different studies remains to be
investigated (Habes et al., 2020).

Limitations of the existing studies applying ML techniques on FTD patient cohorts.
While most studies suggest an implementation of these classifiers in clinical practice, some of
the methods used are not readily available to clinicians. Additionally, only few studies evaluate
multiclass predictions (e.g., Kim et al., 2019; Kloppel et al., 2018; Torso et al., 2020; Zimmerer
et al., 2020). Multiclass predictions are more similar to decisions made by clinicians than binary
predictions and are thus more relevant when trying to maximize usability in the clinical context.
Further, many studies do not differentiate between FTD subgroups. Instead they group bvFTD,
svPPA and nfvPPA together under the umbrella term FTD in order to separate them from AD,
dementia with Lewy bodies, Parkinson’s disease dementia or Vascular Dementia (e.g., Bruun

et al., 2018; Garn et al., 2017; Lin et al., 2020).
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1.7 The Current Study

The current study makes use of k-means clustering, an unsupervised learning algorithm,
in order to explore data of five patient groups belonging to the spectrum of FTD (i.e., bvFTD,
svPPA, nfvPPA) or AD and the related disorder IvVPPA. The analysis includes behavioral and
cognitive data only. This means variables analyzed stem either from results of
neuropsychological assessments or from questionnaires filled-in by the patient or a relevant
informant. The main goal of the current study is reaching a better understanding of the
characteristic cognitive and behavioral symptoms of the different patient groups. Such an
exploratory analysis may inform differential diagnosis between these groups which persists to
be difficult still today. Possibly a better understanding of the differences may allow for a
refinement of diagnostic criteria. Diagnostic precision is relevant to psychological and social
well-being of both patients and caregivers (Musa et al., 2020; Weder et al., 2007). Additionally,
it is necessary for precision of research investigating therapeutic strategies and possible drug
treatments. Using only neuropsychological data ensures a high clinical applicability as it is
comparatively neither cost nor time intense. Likely, the combination of neuropsychological
with neuroimaging and pathological data would outperform diagnostic decisions based on
neuropsychological data alone. However, we believe that in a first step it is necessary to
investigate only neuropsychological data as its potential contribution is not yet well understood.
As presented earlier, rather than focusing on group differences, which may have small effect
sizes and do not always reflect diagnosis on the individual level, ML may allow for a better
understanding of the heterogeneity within patient groups and possibly unveil patterns in the
data not previously known. Application of clustering algorithms for dementia syndromes is still
relatively new but has been increasing in recent years. The most common clustering algorithm
used in these studies is hierarchical clustering (review on clustering applied to AD see Alashwal
et al., 2019; e.g., Machulda et al., 2013; Matias-Guiu et al., 2018). Analysis of PPA in these
studies commonly focuses on data from language assessments (e.g., Fan et al., 2020; Knibb et
al., 2006; Leyton et al., 2014) while for bvFTD data from various neuroimaging techniques is
used (e.g., MRI: Cerami et al., 2016; FDG-PET: Josephs et al., 2009). Thus, an analysis of a
breadth of neuropsychological data using k-means clustering may yield new insights for each
one of the patient groups as well as for their distinction. K-means clustering groups data points
in a way to reduce total Euclidean distance (Hennig et al., 2015).

Exploration of the data in this study follows two major goals: In a first step, we inspect
whether and how clusters correspond to diagnostic groups in the data. Subsequently, we inspect

clusters more closely to understand their differences on neuropsychological test scores, called
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cluster centers. Why do participants of different diagnostic groups cluster apart or together and
how does this compare to current diagnostic standards? Based on previous research using
clustering methods on patients from the FTD spectrum, one may hypothesize that svPPA is
more likely to cluster separately than nfvPPA and IvPPA. Additionally, both for PPAs and
bvFTD more than a single cluster may be needed per diagnostic group. To our knowledge, no
single study has investigated clustering approaches with all five diagnostic groups included in
the current study. For interpretation of the results a particular focus will be put on the
exploration of the following comparisons as they are thought to be the most difficult to

differentially diagnose: 1. bvFTD and AD, 2. The three PPA variants and 3. svPPA and bvFTD.
2 Methods
2.1 Patient Data

Patient data was provided by the German Consortium for frontotemporal lobar
degeneration (FTLD consortium study) (Otto et al., 2011) collected from 13 clinics or research
centers. From the n = 1036 participants originally in the dataset, n = 254 were excluded for not
having a diagnosis (n = 2), having a diagnosis that was not relevant for the current study (n =
66 CBS, n =91 PSP, n =1 FTLD phenocopy), being assigned to an unspecific group (n =9
other neurological disorder, n = 7 diagnosed with bvFTD without specification, n = 22
diagnosed with bvFTD and specification Neurodegenerative Disease, n = 18 other healthy
controls), carrying gene alterations related to FTLD but being asymptomatic at the moment of
assessment (n = 3), being related to diagnosed patients in the dataset (n = 20 family member of
patient with positive genetic test, n = 14 family member of patient without genetic test), not
having information on their gender (n = 1). In total n = 782 patients remained for further analysis
(n = 69 healthy controls, n = 132 AD, n =292 bvFTD, n = 97 svPPA, n = 118 nfvPPA, n =74
IvVPPA). Next, patients with more than 20% of missing variables were removed. The analysis
was performed twice, once including and once excluding questionnaire scores. A total of n =
469 and n = 462 participants remained for the analysis with and without questionnaires,
respectively. The size of each diagnostic group varied highly with bvFTD patients forming the
largest group (n = 171 and n = 173 in the analysis with and without questionnaires respectively)
and IvPPA patients forming the smallest group (n = 47 and n = 48 in the analysis with and
without questionnaires respectively). Tables 1 and 2 summarize demographic scores of the six
participant groups for the cohort in the analysis excluding and including questionnaires,
respectively. BVFTD and PPA patients met standard diagnostic criteria as stated by Rascovsky
et al. (2011) and Gorno-Tempini et al. (2011), respectively. Participants provided written

informed consent. Participants were not compensated for their participation in the study. The
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study was approved by the ethics committees of all contributing Universities and was in
accordance with the latest version of the Declaration of Helsinki (ethics committee Leipzig ID
137-11-18042011).
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Table 1
Demographics Table Excluding Questionnaires
% Age at
% Diagnosis Years of @ FTLD-CDR Symptom Disease
Imaging- With % Gender Age Education Score Onset Duration
% of % Clinical Supported  Definite

Group N  Total Diagnosis Diagnosis  Pathology Male Female Mean SD Mean SD Mean SD Mean SD  Mean SD
Healthy
Controls 49 10.4 - - - 449 55.1 645 93 15 3.1 0.1 0.3 - - - -
Alzheimer 74 158 - - - 541 459 661 9.7 135 33 58 34 63.1 10 28 2.8
bvFTD 171  36.5 345 57.3 8.2 62.6 37.4 623 93 135 3 6.8 39 588 10.5 34 3.8
svPPA 52 11.1 17.3 78.8 3.8 46.2 53.8 629 79 147 32 49 24 603 7.9 2.6 1.9
nfvPPA 76 16.2 43.4 553 1.3 48.7 51.3 689 83 131 33 42 24 67 8.6 1.9 1.2
IvVPPA 47 10 38.3 48.9 12.8 48.9 51.1 68.7 6.1 133 35 47 28 649 6.5 4 4
Total 469 100 34.4 59 6.7 53.9 46.1 649 92 137 32 51 3.7 619 9.9 3 3.2
Table 2
Demographics Table Including Questionnaires

% Age at
% Diagnosis Years of @ FTLD-CDR Symptom Disease
Imaging- With % Gender Age Education Score Onset Duration
% of % Clinical Supported  Definite

Group N  Total Diagnosis Diagnosis  Pathology Male Female Mean SD Mean SD Mean SD Mean SD  Mean SD
Healthy 49 10.6 - - - 44.9 55.1 645 93 150 3.1 0.1 0.3 - - - -
Controls
Alzheimer 70 15.2 - - - 52.9 47.1 664 97 134 34 57 33 635 9.9 28 28
bvFTD 173 374 36.4 55.5 8.1 62.4 37.6 623 95 134 29 69 40 588 10.4 34 35
svPPA 50 10.8 20.0 78.0 2.0 46.0 54.0 632 79 146 33 48 24 605 7.9 2.6 1.9
nfvPPA 72 15.6 45.8 52.8 1.4 47.2 52.8 68.7 86 13.1 34 42 25 666 8.9 2.0 1.3
IvPPA 48 10.4 37.5 50.0 12.5 479 52.1 684 62 133 34 47 28 0647 6.6 40 39
Total 462 100 36.2 57.4 6.4 535 46.5 649 92 136 32 5.1 3.7 618 9.8 3.0 3.1
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2.2 Neuropsychological Test Scores

Demographic variables included for further analysis were participants’ age and years of
education. The neuropsychological test scores used can broadly be attributed to the six
neurocognitive domains defined in the DSM-5 (American Psychiatric Association, 2013). They
will be described in the following and are summarized in Tables 3 and 4. Further, Tables 6 and
7 summarize the mean scores of participant groups on all variables included in the analysis.
2.2.1 Clinical Dementia Rating (CDR) (Morris, 1993) and FTLD-CDR Scales (Knopman

etal., 2008)

The CDR consists of six dimensions that are rated by a clinician based on a semi-
structured interview with the patient and an informant. It is a measure of dementia severity.
Originally, it was developed for the assessment in patients with AD and contains the dimensions
Memory, Orientation, Judgment and Problem Solving, Community Affairs, Home and Hobbies
and Personal Care. For the assessment in FTD the adaptation by Knopman et al. (2008) added
the two dimensions Language and Behavior, comportment & personality resulting in a total of
eight dimensions. Following a semi-structured interview, the clinician rates each dimension on
a five point scale ranging across 0, 0.5, 1, 2, 3 corresponding to no, questionable, mild, moderate
or severe impairment, respectively. A global score of the CDR is derived from the subscores of
a patient. Memory is used as primary category which scores are adjusted depending on all other
secondary categories following the rules described by Morris (1993) to yield the global score.

Additionally, the sum of boxes created by simply summing across all subscores is
commonly used as a measure of severity. For the sum of boxes, no difference is made between
domains and can thus vary between 0 and 18 or 0 and 24 for the CDR and FTLD-CDR,
respectively. The current study made use of all subscores, and both sum of boxes. The global
score was not assessed.

2.2.2 CERAD-NAB Plus Battery (Fillenbaum et al., 2008; Moms et al., 1989)

The CERAD battery is a screening tool originally constructed for AD and consists of a
variety of neuropsychological subtests.

Two tests of verbal fluency assess semantic (Isaacs & Kennie, 1973) and phonological
(Thurstone, 1973) fluency. In the semantic fluency test, participants are required to name as
many words as possible falling into a specified category. In the current study, the category was
"animals". For the phonological fluency assessment, participants need to name as many words
as possible starting with a specified letter. In the current study, the s-version was used. Proper
nouns are not allowed. Both tests are limited in time to one minute. For this study, only the total

number of correct words of each test was used for analysis. The semantic and phonological
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fluency tests form the first and last tests of the CERAD battery, respectively.

The second test included in the battery is the modified Boston Naming Test (BNT)
(Kaplan et al., 1978). It consists of 15 drawings of objects that need to be named by participants.
The pictures were selected so that five pictures correspond to each, high, medium and low
frequency occurrence in the English language. Only the total score of correctly identified
pictures was used for the analysis.

The next part of the CERAD battery is the MMSE (Folstein et al., 1975). This test is the
most commonly used screening tool for dementia both in research and the clinical setting
(Arevalo-Rodriguez et al., 2021). It consists of short test items assessing orientation, learning
and memory, language, attention, and calculation and requires less than 30 min for completion.
It has been criticized to overestimate cognitive impairment in case memory or language
impairment are present and to not be sensitive to mild cognitive impairment (Tombaugh &
Mclntyre, 1992).

Next, a list consisting of ten words (Atkinson & Shiffrin, 1971; Mohs et al., 1986) is
read by the participant and immediate recall is assessed. This is repeated three times with the
same words presented in varying order to assess whether the participant can increase the number
of words memorized with repetition. After a delay period, recall of the words is assessed.
Additionally, recognition is tested by presenting 20 words including the ten memorized ones.
The participant’s task is to determine the words read previously and reject the new ones. For
analysis total scores of first, second, and third immediate recall as well as total immediate and
delayed recall are used. Additionally, a measure of savings is calculated by dividing the number
of words recalled after the delay period by the number of the third immediate recall. Intrusions
are counted. Discriminability is calculated as measure of recognition performance by summing
the number of correctly identified and the number of correctly rejected words and dividing it
by the maximum score of 20.

A measure of constructional praxis (W. G. Rosen et al., 1984) assesses visuospatial
construction and memory performance. The participant is sequentially presented with four
figures and asked to copy them as good as possible. The figures selected are in increasing
difficulty, consisting of a circle, a rhombus, two overlapping rectangles and finally a cube.
Visuospatial memory is assessed by letting participants draw the figures from memory
following a delay period. Both copy and recall are assessed on a list of criteria with maximum
summed points of the figures corresponding to eleven. For recall ability, savings is assessed by
calculating the ratio of summed score for the recall divided by the total score from the copy

task.
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Finally, the Trail Making Test (TMT) (Reitan, 1958) consists of two versions, A and B.
Version A is thought to measure attention and processing speed. Version B additionally is used
as a measure of cognitive flexibility meaning the ability to maintain two tasks in mind and
flexibly switch between them. Switching ability is part of executive functioning. In version A
participants are presented with a sheet of paper on which the numbers from one to 25 are
distributed across the page. Participants are required to draw a line connecting all numbers
starting from one and continuing sequentially with the next higher number to end at 25. In
version B both numbers ranging from one to 13 and letters ranging from A to L are arranged
on a sheet of paper. Participants need to draw a line combining all numbers and letters while
constantly switching between both sequences, starting with the number one and ending with
13. In both versions time is assessed, and participants are told to perform the task as quickly
and as correctly as possible. The test is stopped after a maximum of 180 seconds and 300
seconds for versions A and B, respectively. Additional measures are the sum of errors
committed and the ratio of time needed for version B and A. The ratio is thought to indicate the
switching cost.

2.2.3 Modified Stroop Task (Stroop, 1935)

The Stroop task consists of three subtests. The first two subtests are thought to measure
processing speed and attention. The first subtest is the color naming test in which participants
are presented with lines of red, green and blue color patches. Participants are requested to name
the color. In the second subtest, the word reading test, participants are presented with color
words that they need to read out loud. The third subtest, the color-word interference test, is used
as a measure of selective attention, considered an executive function. In this test, participants
are presented with color words printed in a color that does not correspond to the meaning of the
word. Participants are required to name the color in which words are printed. It is based on the
Stroop effect describing the observation made by Stroop (1935) that highly trained tasks are
performed automatically. It is thought, that reading is highly automatic and that in case color
of the ink and color word do not correspond, the automatic reading creates an interference. For
participants to give the correct response without an extensive delay, they must inhibit the
automatic reading process. In all subtests, the participant is given 45 seconds to name or read
as many items as possible. For analysis the total score of each subtest as well as the total number
of errors made is assessed.

2.2.4 Wechsler Memory Scale Revised (WMS-R) (Wechsler, 1987)

Two tests of the WMS-R were used in the current study: the digit span and the visual

memory span, similar to the block tapping test (e.g., Matias-Guiu et al., 2020). Both tests are
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similar in structure. They assess memory and working memory function by testing the
maximum number of items that can be recalled. In the digit span task verbal memory is
assessed. The clinician reads a sequence of digits. Once finished, the participant is requested to
repeat the digits. In the visual memory span task instead, blocks are assembled that the
experimenter taps in a predetermined sequence. The observing participant is requested to
retrace the blocks tapped by the experimenter. In the forward version of both tasks, participants
are required to repeat or retrace the sequences in the same order as presented. In the backward
version instead, participants are required to inverse the order, starting from the last number
heart or the last block that was tapped by the clinician. The clinician starts with a small span of
two or three items (depending on the specific subtest). If at least one of two tasks from the same
span length are correctly repeated by the participant, the clinician increases the length by one
item. The task is stopped when the participant fails twice to correctly repeat the sequence of a
specific length. One point is given for each correctly repeated sequence. The scores for each
one of the versions, digit span forward and backward and visual memory span forward and
backward, can vary between zero and twelve.

2.2.5 Cookie Theft Task (Goodglass & Kaplan, 1972)

The cookie theft task is part of the Boston Diagnostic Aphasia Examination. The
instructions are simple: The participant is shown a drawing depicting a scene and is asked to
describe it. The picture shows a mother and her two children in the kitchen. The mother is
washing the dishes while behind her the son stands on a stool to grab a cookie from a jar. The
stool on which the son is standing is about to fall. His sister is on the ground next to him raising
her hand to take a cookie from her brother. The mother is standing in a puddle created by the
overflowing sink. She does not seem to notice neither the water she is standing in, nor the
children behind her. There is a window from which one can view outside. The task is used as a
measure of spontaneous speech and can be analyzed for various language characteristics, such
as grammar and fluency (e.g., Ash et al., 2017). In the current study, only a quantitative score
assessing the content was used. Number of specified items mentioned in the participants story
are counted reaching a possible maximum score of 20.

2.2.6 Repeat and Point Test German Adaptation (Heitkamp et al., 2010)

The repeat and point test is used to assess word comprehension and repetition ability.
Ten words pronounced by the clinician need to be repeated by participants. Additionally, they
are presented with seven images that are semantically and partly perceptually similar. From
these images the one corresponding to the repeated word needs to be identified and pointed at.

Each correct repeating or pointing yields one point. Thus, a maximum of ten points on each the
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Repeat and Point part can be reached. This test was previously shown to separate between the
different PPA variants (Hodges et al., 2008; Seckin et al., 2022). Specifically, patients with
svPPA were more impaired on the pointing part, while nfvPPA was related to greater
impairment on the repetition part of the test. No difference was found between both tasks for
participants diagnosed with IvPPA (Seckin et al., 2022).

2.2.7 Aachen Aphasia Test (AAT) (Willmes et al., 1983)

The AAT was developed to assess aphasic disorders in German speaking participants.
The two subtests used in the current study were the Token Test and the Written Language Test.
The Token Test assesses general language function and can be used to distinguish aphasic from
non-aphasic disorders but not to differentiate between different aphasic disorders. Participants
are presented with squares and circles of different sizes and colors. The clinician gives an
instruction of what needs to be done with an item of a specified shape, color, and size. For each
task that participants fulfill correctly at the first trial, they receive two points. If they
successfully perform at the second trial, they get one point. The maximum points reachable is
50.

The Written Language test of the AAT consists of three parts with each being tested on
ten items of different complexities. Items may be single- or multi-syllable words, compound
nouns or whole sentences. The first task is to read written items out loud. The second task is to
assemble heard words using displayed letters. The third task is to write a word from dictated
letters. Each item is scored on a four-point scale from 0-3. Thus, the total score can vary
between zero and 90.

2.2.8 Hamasch Five Point Test (H5PT) (Regard et al., 1982)

The H5PT is used to assess cognitive fluency, considered an executive function. A sheet
of paper is filled with squares and five points arranged inside each square in the position of the
five on a die. Participants need to draw lines connecting points in a way to create a new pattern
in each square. Patterns can be created by connecting minimum two dots. Participants are given
three minutes to create as many new patterns as possible. The variables assessed are the total
number of squares filled with patterns, the total number of unique patterns and the ratio of the
two.

2.2.9 Cognitive Estimation Task (Shallice & Evans, 1978) updated version (MacPherson et

al., 2014)

In the cognitive estimation task participants are confronted with questions concerning
speed, length, area, number and weight. Participants are requested to estimate the answer and

increasing points are given depending on how far participants’ estimates deviate from a defined
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range around the correct answer. The first version was developed by Shallice & Evans (1978)
and a newer version with questions adapted to changed lifestyles was constructed by
MacPherson et al. (2014). It was used in the current study as a part of various executive function
assessments.

2.2.10 Reading the Mind in the Eyes Test (RMET) Revised Version (Baron-Cohen et al.,

2001)

The RMET is thought to assess social cognition. Participants are shown pictures of eyes
depicting diverse facial expressions corresponding to specified emotions. Participants are asked
to identify the fitting emotion out of a selection of emotion words. In total 20 picture-word pairs
are used, 10 taken from female and 10 from male faces. Each correctly selected emotion yields
one point. The current study used only the sum of points for analysis. The RMET has previously
been used in a cohort of bvFTD patients and was suggested to yield better distinction of bvFTD
from healthy controls than executive function assessments (Schroeter et al., 2018).

2.2.11 Three Clap Test (TCT) (Dubois et al., 1995)

The TCT is used to assess the applause sign. The clinician claps three times and the
participant is asked to do the same. Clapping three times results in zero points. With higher
number of claps higher scores are reached indicating motor perseverations. This was repeated
twice, and the total of both trials was used for further analysis. Motor perseverations are
particularly common in the related FTD syndromes PSP, CBS and FTD with ALS. The motor
sign may however also be observed in patients with bvFTD and PPA (Schonecker et al., 2019).
It is not expected to differ between patient groups included in the current study.

Table 3

Screening tools included and respective variables used for analysis

Screening tool Variables used for analysis
(FTLD-)CDR FTLD-CDR Sum of boxes
CDR Sum of boxes
Memory
Orientation
Judgment and Problem Solving
Community Affairs
Home and Hobbies
Personal Care
Behavior, Comportment and Personality
Language
MMSE CERAD MMSE total score

Table 4

Tests used to assess neuropsychological function across the six neurocognitive domains defined
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by the DSM-5 (American Psychiatric Association, 2013, Sachdev et al., 2014)

Neurocognitive domain Neuropsychological variables used for analysis
Complex attention CERAD TMT A
Stroop Task - color naming
Stroop Task - word reading
Perceptual-motor function CERAD Visuo-constructional praxis copy
Language CERAD Boston Naming Test
Repeat and point test — Point
Repeat and point test — Repeat
CERAD semantic fluency
CERAD phonemic fluency
Cookie theft task
AAT Token Test
AAT Written Language Test
Learning and memory CERAD word list immediate recall 1
CERAD word list immediate recall 1
CERAD word list immediate recall 1
CERAD word list delayed recall
CERAD word list discriminability
WMS-R digit span forward
WMS-R visual memory span forward
CERAD savings visuo-constructional praxis

Social cognition RMET

Executive function CERAD TMT B
CERAD TMT error scores
CERAD TMT ratio B/A

WMS-R digit span backward

WMS-R visual memory span backward
Stroop color-word interference

HS5PT total

HS5PT total correct

HS5PT percent correct

Cognitive estimation

2.3 Behavioral Questionnaire Scores

Questionnaires assessing participants deviation from normal behavior are described in
the following section. Scores included in the analysis are summarized in Table 5.

2.3.1 Apathy Evaluation Scale (AES) (Marin et al., 1991)

The AES consists of 18 items to assess the presence of apathic symptoms. Ratings are
provided both via a self-version by the patient and via an informant-version by the clinician or
a person close to the patient. Each item is rated on a four-point scale spanning from zero to
three. Reachable scores thus vary between zero and 54 with higher scores indicating greater
presence of apathic symptoms. Apathy is one of the most common behavioral symptoms in
neurodegenerative disorders and was found to be the most common neuropsychiatric symptom

both in AD and FTD syndromes in a systematic review (Collins et al., 2020). Apathy is
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characterized by low levels of motivation or drive and emotional indifference (Massimo et al.,
2018). Examples of items of the AES ask whether the patient is interested in new experiences,
has friends, or shows initiative.

2.3.2 Bayer Activities of Daily Living Scale (B.ADL) (Hindmarch et al., 1998)

The B.ADL was developed as an instrument to assess severity of functional impairment
in patients with mild cognitive impairment or dementia. It indicates how independent a patient
is in the performance of his*her daily activities. It consists of 25 items that are filled in by the
patient and an informant of the patient. The items span general screening questions about
whether the patient is able to take care of him*herself or his*her daily activities, as well as
questions about abilities to perform specific tasks and questions referring to cognitive functions
required for appropriate completion of daily tasks. Each item is rated on a ten-point scale with
the extremes never (0) and always (10) as well as the possibility to indicate whether an item is
not applicable, or the answer is unknown to the informant. To evaluate results, the average of
all answered items is taken (i.e., not including the not applicable or unknown items). Final
scores thus vary between zero and ten with a higher score indicating a greater impact of the
dementia on daily life functioning and greater help required.

2.3.3 Frontal Systems Behavior Scale (FrSBe) (Grace & Malloy, 2001)

The FrSBe assesses behavioral change related to damage of frontal circuits. Three
subscales assess levels of apathy, executive dysfunction and disinhibition associated with
anterior cingulate cortex, dorsolateral prefrontal cortex and orbitofrontal circuits respectively.
The questionnaire consists of 24 items administered to the patient and to an informant. Each
item describing a behavior is rated across both frequency and distress caused by the behavior
to the patient and to the informant. Items are rated on a five-point scale. On the frequency scale
answers range from almost never (1) to almost always (5). On the distress scale, possible
answers range from not at all distressing (1) to extremely distressing or very severe (5). The
apathy subscale contains items similar to the items included in the AES asking for reduced drive
and emotional blunting. The executive dysfunction subscale includes items about the patient’s
ability to monitor the own behavior, distractibility or working memory. Items on the
disinhibition subscale ask for inappropriate behaviors such as sexual or aggressive behaviors
and impulsiveness. As items on the distress scale do not correspond between the self- and the
informant- version referring to distress felt by the patient or by the informant, respectively, this
study included only the frequency of observed behaviors. For the analysis sum scores for each
one of the three subscales was used and may vary between 24 and 120.

2.3.4 Short Form Geriatric Depression Scale (GDS) (Yesavage et al., 1982)
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The GDS is used as a screening tool for depressive symptoms in the aging population.
The original version still in use today is a long form containing 30 items. A shorter version
consisting of 15 items is commonly used with patients who have limited attention or resilience
due to dementia or other physical or cognitive illness. This short version was used in our study.
Items are yes or no questions that are answered by the patient. The number of answers provided
that indicate presence of a depressive symptom is counted. Sum scores are evaluated as follows:

0-4: no depression

5-8: mild depression

9-11: moderate depression

12-15: severe depression
It has also been suggested for use to track change of depressive symptoms over time (Ishihara
& Terada, 2001).
Table 5

Questionnaire scores used for assessment of behavioral and psychiatric changes

Questionnaire Variables used for analysis

AES AES total score

B.ADL B.ADL total score

FrSBe Executive dysfunction frequency
Disinhibition frequency
Apathy frequency

GDS GDS total score
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Table 6
Group Differences Across all Variables Included (Without Questionnaires)

Healthy Controls  Alzheimer bvFTD svPPA nfvPPA IlvPPA

Variables (N=49) (N=74) (N=171) (N=52) (N=76) (N=47)
Age 64.5 (9.3) 66.1 (9.7) 62.3(9.3) 62.9 (7.9) 68.9 (8.3) 68.7 (6.1)
Years of Education 15.0 (3.1) 13.5(3.3) 13.5(3.0) 14.7 (3.2) 13.1(3.3) 13.3(3.5)
CDR Sum of Boxes 0.1(0.2) 4.8 (2.9) 5.0(@3.1) 2.8(1.7) 2.2(1.8) 2.8(2.3)
FTLD-CDR Sum of Boxes 0.1(0.3) 5.8(3.4) 6.8 (3.9) 49 (2.4) 42 (2.4) 4.7 (2.8)
CDR: Memory 0.1(0.2) 1.4 (0.7) 0.8 (0.5) 0.8 (0.4) 0.5(0.4) 0.9 (0.6)
CDR: Orientation 0.0 (0.1) 0.7 (0.8) 0.4 (0.5) 0.1(0.3) 0.2 (0.4) 0.4 (0.5)
CDR: Judgment, PBS 0.0 (0.0) 1.0 (0.7) 1.1 (0.7) 0.6 (0.6) 0.5 (0.5) 0.6 (0.6)
CDR: Community Affairs 0.0 (0.1) 0.8 (0.6) 1.0 (0.7) 0.6 (0.4) 0.5(0.4) 0.6 (0.6)
CDR: Home & Hobbies 0.0 (0.0) 0.8 (0.6) 1.0 (0.7) 0.5(0.4) 0.4 (0.4) 0.5(0.5)
CDR: Personal Care 0.0 (0.0) 0.2 (0.4) 0.6 (0.7) 0.1(0.3) 0.1(0.2) 0.1(0.2)
FTLD-CDR: Behavior 0.0 (0.1) 0.4 (0.4) 1.3 (0.7) 0.6 (0.6) 0.3 (0.4) 0.2 (0.4)
FTLD-CDR: Language 0.0 (0.0) 0.6 (0.7) 0.5 (0.6) 1.4 (0.6) 1.6 (0.8) 1.7 (0.7)
CERAD: Semantic Fluency 26.5 (5.6) 12.2 (5.7) 12.8 (6.2) 9.0 (4.5) 11.0 (6.5) 10.7 (5.3)
CERAD: BNT 14.9 (0.2) 12.4 (2.7) 13.2(2.3) 6.5(.2) 12.1 (3.2) 10.9 (3.6)
CERAD: MMSE 29.2 (0.9) 22.9 (4.8) 254 (3.5) 23.8 (4.5) 24.7(5.1) 22.3 (6.0)
CERAD: Total Wordlist 22.6 (3.1) 11.4 (4.5) 15.2 (4.6) 14.5 (6.2) 15.1(5.9) 12.0 (6.5)
CERAD: Wordlist 1 5.8(1.4) 2.7 (1.6) 3.8(1.7) 3.4 (1.8) 3.7(1.9) 2.72.1)
CERAD: Wordlist 2 7.8 (1.3) 4.1(1.7) 5.3 (1.7) 522.4) 52(2.2) 42 (2.2)
CERAD: Wordlist 3 9.0 (1.0) 4.6 (1.9) 6.1 (1.9) 592.5) 6.1 (2.2) 5.1(2.7)
CERAD: Wordlist Recall 8.1(1.8) 24(2.2) 4.4 (2.3) 3.8(3.1) 5.1(2.5) 4.1 (2.7)
CERAD: Wordlist Savings 89.8 (17.3) 46.8(37.9) 69.3(28.9) 53.3(36.6) 82.2(30.0) 76.8(39.9)

CERAD: Wordlist Recognition 99.2 (2.1) 84.4(12.8) 88.7(14.8) 83.4(13.5) 91.7(13.4) 91.4(10.3)
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Healthy Controls  Alzheimer bvFTD svPPA nfvPPA IlvPPA

Variables (N=49) (N=74) (N=171) (N=52) (N=76) (N=47)
CERAD: Wordlist Intrusions 0.3 (0.6) 2.8 (4.6) 1.6 (2.1) 1.7(3.1) 0.9 (1.3) 1.1 (1.8)
CERAD: Figure Copy 10.8 (0.7) 93 (2.1) 9.6 (1.8) 10.4 (1.3) 9.8 (1.8) 9.9 (1.3)
CERAD: Figure Recall 9.7 (1.8) 3.5(3.0) 6.0 (3.6) 6.8 (3.3) 7.6 (3.2) 6.0 (3.3)
CERAD: Figure Savings 89.9 (16.3) 36.2(29.6) 61.1(33.7) 65.5(29.1) 75.8(28.6) 59.1(30.5)
CERAD: Phonemic Fluency 17.8 (4.3) 8.5(4.4) 7.3 (4.5) 7.5(3.8) 4.5 (3.7) 6.1 (3.4)
CERAD: TMT A 37.6 (12.3) 86.9 (44.6) 73.6(37.9) 54.6(24.6) 85.8(43.7) 78.0(43.0)
CERAD: TMT B 79.9 (32.3) 215.2(75.9) 177.5(81.8) 132.9(67.1) 211.8(78.4) 205.7 (78.0)
CERAD: TMT B/A 2.2 (0.6) 3.1(1.1) 29(1.3) 2.7(1.4) 2.9(0.9) 3.4 (1.1)
CERAD: TMT Errors 0.6 (1.0) 1.7 (2.6) 22(2.3) 0.4 (0.8) 2.72.7) 1.3(1.4)
WMS-R: Digit Span Fw 8.7 (1.7) 5.8(2.2) 6.2 (1.8) 6.5(2.2) 4.5(1.9) 3.8(2.2)
WMS-R: Digit Span Bw 7.1(2.2) 4.1 (1.8) 4.1(1.7) 52.7) 3.5(1.6) 3.3(1.8)
WMS-R: Visual Span Fw 8.0 (2.0) 5.3(2.0) 59(2.2) 7.8 (1.9) 6.2 (1.8) 5.6 (1.7)
WMS-R: Visual Span BW 7.3 (1.9) 4.2 (1.8) 51(2.2) 6.9 (1.8) 5.1(2.3) 4.9 (1.9)
Cookie Theft Task 14.7 (2.8) 10.9 (3.5) 9.8 (3.5) 8.8 (3.7) 9.4 (3.9) 9.7(3.4)
AAT: Token Test 0.6 (1.1) 6.7 (7.0) 5.8(6.9) 8.4 (10.4) 10.8 (9.5) 10.6 (9.0)
AAT: Written Language 89.7 (0.7) 84.7(6.3)  84.3(10.5) 84.7(6.0) 78.7(15.5) 79.2(13.0)
Repeat 9.9 (0.3) 9.5(1.2) 9.8 (0.7) 9.5(0.9) 8.2 (2.5) 8.3(2.2)
Point 9.9(0.4) 8.7 (L.5) 8.7 (1.6) 6.6 (2.4) 9.0(1.2) 8.6 (1.7)
Stroop: Color Naming 72.8 (11.1) 43.7(15.0) 459(17.1) 50.4(19.0) 31.6(14.1) 34.8(14.5)
Stroop: Word Reading 98.2 (10.2) 599 (184) 653(21.4) 76.1(21.8) 46.1(18.3) 57.3(18.7)
Stroop: Interference 41.2 (10.2) 17.1(8.4) 20.5(11.8) 27.6(11.9) 16.1(10.6) 14.3(11.2)
Stroop: Error 0.4 (1.0) 2.6 (3.6) 3.0(8.1) 2.7(7.9) 1.6 (4.1) 2.54.4)
HS5PT: Total Correct 32.0 (8.0) 15.6 (6.3) 163 (10.0)  20.7(8.4) 17.4 (8.3) 18.6 (8.2)
HS5PT: Total 35.1(7.9) 20.7(9.6)  25.1(13.8) 25.6(10.2) 23.8(10.5) 24.9(13.3)
HS5PT: Percent Correct 91.2 (12.6) 79.5(18.4) 68.4(27.2) 82.2(20.6) 77.2(22.4) 81.1(19.8)
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Healthy Controls  Alzheimer bvFTD svPPA nfvPPA IlvPPA
Variables (N=49) (N=74) (N=171) (N=52) (N=76) (N=47)
Cognitive Estimation 12.7 (2.1) 8.8 (3.1) 9.4 (3.2) 9.2(.1) 9.4 (3.1) 9.53.2)
Applause Sign 0.1(0.3) 0.1(0.4) 0.3 (0.9) 0.3 (0.7) 0.5(1.3) 0.1(0.5)
RMET 16.5 (2.7) 12.5 (3.6) 10.9 (3.7) 10.1 (2.6) 10.6 (2.7) 11.6 (3.8)

Table 7

Group Differences Across all Variables Included (With Questionnaires)

Healthy Controls  Alzheimer bvFTD svPPA nfvPPA IvPPA

Variables (N=49) (N=70) (N=173) (N=50) (N=72) (N=48)
Age 64.5(9.3) 66.4 (9.7) 62.3 (9.5) 63.2 (7.9) 68.7 (8.6) 68.4 (6.2)
Years of Education 15.0 (3.1) 13.4 (3.4) 13.4 (2.9) 14.6 (3.3) 13.1 (3.4) 13.3(34)
CDR Sum of Boxes 0.1(0.2) 4.7 (2.8) 5.13.2) 2.8 (1.7) 2.2 (1.8) 2.8(2.3)
FTLD-CDR Sum of Boxes 0.1(0.3) 5.7 (3.3) 6.9 (4.0) 4.8 (2.4) 4.2 (2.5) 4.7 (2.8)
CDR: Memory 0.1(0.2) 1.4 (0.7) 0.8 (0.6) 0.8 (0.4) 0.5 (0.5) 0.9 (0.6)
CDR: Orientation 0.0 (0.1) 0.7 (0.8) 0.5 (0.5) 0.2 (0.3) 0.2 (0.4) 0.4 (0.5)
CDR: Judgment, PBS 0.0 (0.0) 1.0 (0.6) 1.2 (0.7) 0.6 (0.6) 0.5 (0.5) 0.6 (0.6)
CDR: Community Affairs 0.0 (0.1) 0.8 (0.6) 1.0 (0.7) 0.6 (0.4) 0.5(0.4) 0.6 (0.6)
CDR: Home & Hobbies 0.0 (0.0) 0.8 (0.6) 1.0 (0.7) 0.5(0.4) 0.4 (0.4) 0.5 (0.5)
CDR: Personal Care 0.0 (0.0) 0.2 (0.4) 0.6 (0.7) 0.1 (0.3) 0.1(0.3) 0.1(0.2)
FTLD-CDR: Behavior 0.0 (0.1) 0.3(0.4) 1.3 (0.7) 0.6 (0.6) 0.3(0.4) 0.2 (0.4)
FTLD-CDR: Language 0.0 (0.0) 0.6 (0.7) 0.5 (0.6) 1.4 (0.6) 1.6 (0.7) 1.7 (0.7)
CERAD: Semantic Fluency 26.5 (5.6) 12.2 (5.7) 12.8 (6.2) 8.9 (4.5) 11.4 (6.6) 10.8 (5.3)
CERAD: BNT 14.9 (0.2) 12.3 (2.8) 13.1 (2.4) 6.4 (3.1) 12.1 (3.2) 10.9 (3.5)
CERAD: MMSE 29.2 (0.9) 229 (5.1) 253 (3.7) 23.7 (4.6) 249 (5.2) 22.2 (6.0)
CERAD: Total Wordlist 22.6 (3.1) 11.4 (4.7) 15.2 (4.5) 14.3 (5.8) 15.4 (6.0) 12.0 (6.5)

CERAD: Wordlist 1 5.8 (1.4) 2.7 (1.6) 3.8 (1.6) 3.3 (1.6) 3.8 (1.9) 2.7 (2.0)
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Healthy Controls  Alzheimer bvFTD svPPA nfvPPA IvPPA

Variables (N=49) (N=70) (N=173) (N=50) (N=72) (N=48)
CERAD: Wordlist 2 7.8 (1.3) 4.1 (1.8) 5.3 (1.6) 52(2.3) 53(2.3) 42(2.2)
CERAD: Wordlist 3 9.0 (1.0) 4.7 (1.9) 6.1 (1.9) 5924 6.2 (2.3) 5.12.7)
CERAD: Wordlist Recall 8.1(1.8) 24(2.2) 44 (2.2) 3.6 (3.0) 5.1(2.6) 4.1(2.7)
CERAD: Wordlist Savings 89.8 (17.3) 46.0 (38.2) 70.0(28.8) 52.5(36.4) 82.3(30.8) 76.5(39.5)
CERAD: Wordlist Recognition 99.2 (2.1) 84.0 (13.0) 88.7(14.7) 82.3(14.0) 92.4(12.1) 91.5(10.2)
CERAD: Wordlist Intrusions 0.3 (0.6) 2.8(4.7) 1.6 (2.1) 1.8 (3.1) 0.8 (1.3) 1.1 (1.7)
CERAD: Figure Copy 10.8 (0.7) 9.4 (1.9) 9.5(1.8) 10.3 (1.3) 9.8 (1.8) 9.8(1.4)
CERAD: Figure Recall 9.7 (1.8) 3.7 (3.0) 6.0 (3.6) 6.8 (3.3) 7.7(3.1) 59@3.2)
CERAD: Figure Savings 89.9 (16.3) 37.3(29.6) 60.6 (34.1) 64.9(29.5) 77.0(28.0) 59.4(30.2)
CERAD: Phonemic Fluency 17.8 (4.3) 8.6 (4.4) 7.3 (4.5) 7.3 (3.7) 4.8 (3.8) 6.1 (3.4)
CERAD: TMT A 37.6 (12.3) 88.8(46.0) 74.6(39.5) 52.6(20.9) 81.3(40.7) 77.3(42.8)
CERAD: TMT B 79.9 (32.3) 213.5(75.7) 177.9(82.0) 136.8(72.0) 211.7(78.4) 208.5(78.5)
CERAD: TMT B/A 2.2(0.6) 3.1(1.1) 3.0(1.3) 2.8(1.4) 3.0(1.0) 3.5(1.2)
CERAD: TMT Errors 0.6 (1.0) 1.7 (2.6) 2.2(2.3) 0.4 (0.8) 2.6 (2.5) 1.3(1.4)
WMS-R: Digit Span Fw 8.7 (1.7) 5.7(2.3) 6.1 (1.8) 6.5(2.2) 4.5(1.9) 3.8(2.2)
WMS-R: Digit Span Bw 7.1(2.2) 4.1 (1.8) 4.0 (1.7) 5.1(1.7) 3.6 (1.6) 3.2(1.8)
WMS-R: Visual Span Fw 8.0 (2.0) 5.4 (2.0) 592.2) 7.8 (1.9) 6.4 (1.6) 5.5(1.7)
WMS-R: Visual Span BW 7.3 (1.9) 4.2 (1.8) 5.1(2.3) 6.9 (1.8) 5.12.4) 4.8 (1.9)
Cookie Theft Task 14.7 (2.8) 10.9 (3.5) 9.9 (3.5) 8.7 (3.8) 9.6 (3.8) 9.7(3.3)
AAT: Token Test 0.6 (1.1) 6.9 (7.7) 6.0 (7.3) 8.9(11.2) 10.4 (9.0) 11.0 (9.3)
AAT: Written Language 89.7 (0.7) 84.3(8.5) 83.9(10.8) 84.5(6.1) 79.9(14.5) 79.4(12.9)
Repeat 9.9 (0.3) 9.4 (1.3) 9.7 (0.9) 9.5 (1.0) 8.4 (2.1) 8.3(2.2)
Point 9.9 (0.4) 8.7 (1.6) 8.7 (1.6) 6.5 (2.5) 9.1(1.2) 8.6 (1.7)
Stroop: Color Naming 72.8 (11.1) 44.0 (14.9) 458(17.0) 49.8(18.5) 31.5(14.2) 34.5(14.5)
Stroop: Word Reading 98.2 (10.2) 59.8(19.0) 65.4(21.4) 752(22.2) 458(18.2) 57.6(18.6)
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Healthy Controls  Alzheimer bvFTD svPPA nfvPPA IvPPA

Variables (N=49) (N=70) (N=173) (N=50) (N=72) (N=48)
Stroop: Interference 41.2 (10.2) 17.2(8.5) 20.6(11.7) 27.4(12.1) 16.0(10.5) 14.0(11.2)
Stroop: Error 0.4 (1.0) 2.73.7) 3.0 (8.0) 2.9 (8.0) 1.6 (4.1) 24 4.3)
H5PT: Total Correct 32.0 (8.0) 15.6 (6.3) 164 (10.2)  20.5(8.4) 17.9 (8.3) 18.5 (8.1)
H5PT: Total 35.1(7.9) 20.3(9.5) 252(139) 254(10.3) 233(9.5) 248(13.2)
H5PT: Percent Correct 91.2 (12.6) 80.6 (17.6)  68.0(26.8) 82.5(20.9) 79.2(20.4) 80.8(19.6)
Cognitive Estimation 12.7 (2.1) 8.9 (3.1) 9.4 (3.2) 9.1 (3.0 9.4 (3.1) 95@3.2)
Applause Sign 0.1(0.3) 0.1(0.4) 0.3 (1.0) 0.3 (0.7) 0.4 (1.1) 0.1(0.5)
RMET 16.5(2.7) 12.4 (3.7) 10.9 (3.8) 10.0 (2.7) 10.6 (2.8) 11.7 (3.7)
AES 7.4 (4.8) 20.1(12.1)  34.6(9.7) 17.7(9.0)  16.7(10.3) 15.9(10.3)
B-ADL 1.5 (0.5) 4.2 (2.3) 5.12.4) 3.7(2.1) 3.3(1.9) 3.6 (2.1)
FrSBe: Executive Dysfunction 13.8 (4.1) 21.5(8.1) 26.6 (6.7) 18.5(7.2) 15.0 (6.1) 18.4 (6.8)
FrSBe: Disinhibition 14.3 (3.5) 12.8 (5.0) 17.5 (6.3) 14.2 (5.4) 10.6 (3.5) 12.7 (4.0)
FrSBe: Apathy 11.7 (3.7) 18.0 (8.5) 27.8(7.2) 17.5 (6.3) 16.7 (6.6) 16.3 (6.9)
GDR 1.6 (1.8) 3.6 (2.5) 3.5@3.1) 4.9 (3.6) 3.5(2.6) 4.5 (3.0)
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2.4 Missing Data

Due to high levels of missing data, several steps were taken to prepare the data for the
k-means clustering analysis. Exploration of the pattern of missingness across variables and
diagnostic groups indicated that patients had particularly high levels of missingness in the self-
rating parts of the three questionnaires (i.e., Apathy Scale, B.ADL, FrSBe) while healthy
controls had particularly high levels of missingness in the informant-rating parts of the same
questionnaires (Figure 1). The pattern observed in the patient groups may be explained by
patients being too affected to comprehend and provide appropriate answers to the
questionnaires. For healthy controls instead a high number of missingness in the informant
version of the questionnaire scores may be explained by informants not being systematically
recruited for control participants. To accommodate for this observation, we decided to minimize
missingness by including only the informant-based scores for the patient groups while including
only the self-rating scores for healthy controls. This decision was supported by the observation
from previous studies, that informant-based questionnaires may be more indicative of
behavioral changes of the patients than self-ratings (e.g. Schroeter et al., 2018). In the case of
control participants, no behavioral abnormalities are expected and thus informant- and self-
ratings are not thought to differ meaningfully. We opted for this procedure rather than simply
excluding questionnaire scores, as the information contained in the questionnaires might have
an added value, especially in the differential diagnosis of bvFTD, whose clinical picture is
thought to be characterized primarily by behavioral rather than cognitive changes. However,
validity of this method may be questioned. Additionally, missingness observed in the current
dataset might reflect difficulties to collect questionnaire data in the clinical setting. For these
reasons, we decided to perform the analysis twice: once including and once excluding
questionnaire scores to compare results and to estimate the usefulness of questionnaire data for

differential diagnosis.
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Figure 1

Percentage of Data Present Across all Variables, Split by Participant Group

Percentage Missing on the Variables Included (split by Group)
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Figure 2

Number of Participants with Specified Percentage of Missingness (top: Count, bottom: Density)
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Table 8

Number and Percentage of Missing Values for Each one of the Variables Included

Excluding Questionnaires

Including Questionnaires

Variable Patients Healthy Controls Total Patients Healthy Controls Total
Participant 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
Age 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
Gender 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
Years of Education 14 (3.33%) 2 (4.08%) 16 (3.41%) 17 (4.12%) 2 (4.08%) 19 (4.11%)
Group 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
Diagnostic Specification 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
CDR Sum of Boxes 2 (0.48%) 0 (0%) 2 (0.43%) 10 (2.42%) 0 (0%) 10 (2.16%)
FTLD-CDR Sum of Boxes 5 (1.19%) 0 (0%) 5 (1.07%) 13 (3.15%) 0 (0%) 13 (2.81%)
CDR: Memory 0 (0%) 0 (0%) 0 (0%) 9 (2.18%) 0 (0%) 9 (1.95%)
CDR: Orientation 0 (0%) 0 (0%) 0 (0%) 9 (2.18%) 0 (0%) 9 (1.95%)
CDR: Judgment, PBS 2 (0.48%) 0 (0%) 2 (0.43%) 10 (2.42%) 0 (0%) 10 (2.16%)
CDR: Community Affairs 1 (0.24%) 0 (0%) 1 (0.21%) 9 (2.18%) 0 (0%) 9 (1.95%)
CDR: Home & Hobbies 1 (0.24%) 0 (0%) 1 (0.21%) 9 (2.18%) 0 (0%) 9 (1.95%)
CDR: Personal Care 1 (0.24%) 0 (0%) 1 (0.21%) 9 (2.18%) 0 (0%) 9 (1.95%)
FTLD-CDR: Behavior 2 (0.48%) 0 (0%) 2 (0.43%) 11 (2.66%) 0 (0%) 11 (2.38%)
FTLD-CDR: Language 3 (0.71%) 0 (0%) 3 (0.64%) 12 (2.91%) 0 (0%) 12 (2.6%)
CERAD: Semantic Fluency 5 (1.19%) 0 (0%) 5 (1.07%) 5(1.21%) 0 (0%) 5 (1.08%)
CERAD: BNT 1 (0.24%) 0 (0%) 1 (0.21%) 1 (0.24%) 0 (0%) 1 (0.22%)
CERAD: MMSE 1 (0.24%) 0 (0%) 1 (0.21%) 1 (0.24%) 0 (0%) 1 (0.22%)
CERAD: Total Wordlist 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
CERAD: Wordlist 1 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
CERAD: Wordlist 2 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
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Excluding Questionnaires Including Questionnaires

Variable Patients Healthy Controls Total Patients Healthy Controls Total
CERAD: Wordlist 3 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
CERAD: Wordlist Recall 2 (0.48%) 0 (0%) 2 (0.43%) 1 (0.24%) 0 (0%) 1 (0.22%)
CERAD: Wordlist Savings 8 (1.9%) 0 (0%) 8 (1.71%) 7 (1.69%) 0 (0%) 7 (1.52%)
CERAD: Wordlist Recognition 3 (0.71%) 0 (0%) 3 (0.64%) 2 (0.48%) 0 (0%) 2 (0.43%)
CERAD: Wordlist Intrusions 2 (0.48%) 0 (0%) 2 (0.43%) 1 (0.24%) 0 (0%) 1 (0.22%)
CERAD: Figure Copy 1 (0.24%) 0 (0%) 1 (0.21%) 0 (0%) 0 (0%) 0 (0%)
CERAD: Figure Recall 3 (0.71%) 0 (0%) 3 (0.64%) 3 (0.73%) 0 (0%) 3 (0.65%)
CERAD: Figure Savings 3 (0.71%) 0 (0%) 3 (0.64%) 3 (0.73%) 0 (0%) 3 (0.65%)
CERAD: Phonemic Fluency 15 (3.57%) 0 (0%) 15 (3.2%) 13 (3.15%) 0 (0%) 13 (2.81%)
CERAD: TMT A 15 (3.57%) 0 (0%) 15 (3.2%) 11 (2.66%) 0 (0%) 11 (2.38%)
CERAD: TMT B 106 (25.24%) 0 (0%) 106 (22.6%) 98 (23.73%) 0 (0%) 98 (21.21%)
CERAD: TMT B/A 104 (24.76%) 0 (0%) 104 (22.17%) 96 (23.24%) 0 (0%) 96 (20.78%)
CERAD: TMT Errors 119 (28.33%) 0 (0%) 119 (25.37%) 109 (26.39%) 0 (0%) 109 (23.59%)
WMS-R: Digit Span Fw 3 (0.71%) 0 (0%) 3 (0.64%) 3 (0.73%) 0 (0%) 3 (0.65%)
WMS-R: Digit Span Bw 6 (1.43%) 0 (0%) 6 (1.28%) 6 (1.45%) 0 (0%) 6 (1.3%)
WMS-R: Visual Span Fw 17 (4.05%) 0 (0%) 17 (3.62%) 17 (4.12%) 0 (0%) 17 (3.68%)
WMS-R: Visual Span BW 24 (5.71%) 0 (0%) 24 (5.12%) 24 (5.81%) 0 (0%) 24 (5.19%)
Cookie Theft Task 62 (14.76%) 14 (28.57%) 76 (16.2%) 57 (13.8%) 14 (28.57%) 71 (15.37%)
AAT: Token Test 30 (7.14%) 1 (2.04%) 31 (6.61%) 26 (6.3%) 1 (2.04%) 27 (5.84%)
AAT: Written Language 40 (9.52%) 1 (2.04%) 41 (8.74%) 33 (7.99%) 1 (2.04%) 34 (7.36%)
Repeat 20 (4.76%) 2 (4.08%) 22 (4.69%) 16 (3.87%) 2 (4.08%) 18 (3.9%)
Point 19 (4.52%) 2 (4.08%) 21 (4.48%) 16 (3.87%) 2 (4.08%) 18 (3.9%)
Stroop: Color Naming 36 (8.57%) 1 (2.04%) 37 (7.89%) 29 (7.02%) 1 (2.04%) 30 (6.49%)
Stroop: Word Reading 35 (8.33%) 3 (6.12%) 38 (8.1%) 28 (6.78%) 3 (6.12%) 31 (6.71%)

Stroop: Interference 70 (16.67%) 1 (2.04%) 71 (15.14%) 64 (15.5%) 1 (2.04%) 65 (14.07%)
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Excluding Questionnaires

Including Questionnaires

Variable Patients Healthy Controls Total Patients Healthy Controls Total
Stroop: Error 70 (16.67%) 1 (2.04%) 71 (15.14%) 64 (15.5%) 1 (2.04%) 65 (14.07%)
HS5PT: Total Correct 14 (3.33%) 0 (0%) 14 (2.99%) 14 (3.39%) 0 (0%) 14 (3.03%)
HS5PT: Total 15 (3.57%) 0 (0%) 15 (3.2%) 15 (3.63%) 0 (0%) 15 (3.25%)
HS5PT: Percent Correct 14 (3.33%) 0 (0%) 14 (2.99%) 14 (3.39%) 0 (0%) 14 (3.03%)
Cognitive Estimation 34 (8.1%) 0 (0%) 34 (7.25%) 32 (7.75%) 0 (0%) 32 (6.93%)
Applause Sign 34 (8.1%) 0 (0%) 34 (7.25%) 33 (7.99%) 0 (0%) 33 (7.14%)
RMET 66 (15.71%) 1 (2.04%) 67 (14.29%) 58 (14.04%) 1 (2.04%) 59 (12.77%)
AES - - - 91 (22.03%) 13 (26.53%) 104 (22.51%)
B-ADL - - - 88 (21.31%) 13 (26.53%) 101 (21.86%)
FrSBe: Executive Dysfunction - - - 94 (22.76%) 10 (20.41%) 104 (22.51%)
FrSBe: Disinhibition - - - 92 (22.28%) 10 (20.41%) 102 (22.08%)
FrSBe: Apathy - - - 84 (20.34%) 8 (16.33%) 92 (19.91%)

GDR

103 (24.94%)

15 (30.61%)

118 (25.54%)
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Next, participants who exceeded the threshold of 20% missingness in the variables
relevant for analysis were excluded. In accordance with the current standard in research,
missing data in the remaining participants was imputed (Austin et al., 2021; Hayati Rezvan et
al., 2015; Madley-Dowd et al., 2019). Imputation was performed using multiple imputation by
chained equations (MICE) (Buuren & Groothuis-Oudshoorn, 2011; Raghunathan et al., 2001).
In comparison to single imputation, multiple imputation does not replace each missing value
with a single but with multiple, commonly five or more, values (van Buuren, 2018). This creates
several datasets on which analysis is then performed before results are combined in a last step.
Compared to single imputation this procedure avoids underestimating standard errors (Enders,
2010). While single imputation treats imputed and non-imputed data equally, the level of
uncertainty stemming from the imputation of missing data can be explored when applying
multiple imputation. As analysis is performed on each imputed dataset, one can inspect how
much the results from the repeated analysis diverge. Results that vary highly across imputations
should be interpreted with care. Especially in the case in which data is not missing completely
at random (MCAR) (Rubin, 1976) and proportion of missing data exceeds few percent points
(usually a threshold of 5-10%), multiple imputation is considered a powerful way for dealing
with missing data (Enders, 2010; Schafer & Graham, 2002; van Buuren, 2018).

2.5 Procedure
2.5.1 Statistical Analysis

Statistical analysis was performed entirely using RStudio (RStudio Team, 2020) version
4.2.0. Analysis was restricted to the first visit of participants, in accordance with a goal of a
diagnosis at the earliest time point possible. Diagnostic groups were inspected on differences
in demographic variables. For the subsequent analysis, only the two numerical demographic
variables age and years of education were included. Each neuropsychological variable was
checked for implausible values and in total 9 datapoints were detected to fall outside the defined
range of the respective variable and thus coded as missing value (i.e., “NA”). This small amount
of data points not interpretable within the range of the different variables can most probably be
explained by typing errors.

2.5.2  Multiple Imputation

Multiple imputation was performed using the mice package (Buuren & Groothuis-
Oudshoorn, 2011) for multiple imputation by chained equations. In case both sub- and total
scores were present in the data, sub-scores were imputed, and total scores derived from the
imputations post hoc. To avoid circularity of the imputation process and subsequent clustering

analysis, the diagnostic grouping variable was not included for imputation of other variables.
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Imputation was performed m = 10 times and for a maximum of maxit = 100 iterations. To
ensure that results of imputation would yield realistic values within the ranges of the variables
used, paired mean matching was defined as imputation method. Visual checks of the imputation
were performed (see Appendix 1 — Data Preparation). First, convergence was ensured by
inspecting mean and standard deviation across datasets and iterations as described by van
Buuren (2018). Next density distributions of the original and the imputed data were inspected
2.5.3 Clustering Analysis

Prior to the k-means clustering analysis, the following variables were reversed in order
for higher scores to consistently indicate better performance and thereby facilitate interpretation
of clustering results: CDR score, FTLD-CDR total and sub-scores, number of intrusions when
recalling a word list, time needed for the TMT versions A and B as well as their ratio and the
number of errors made, results on the Token Test, the applause sign, cognitive estimation test,
the number of errors on the Stroop task and all questionnaire scores (i.e., Apathy scale, B.ADL,
FrSBe, Depression Scale). In a next step the scores were rescaled to vary between -1 and 1 to
avoid range effects across variables (e.g.,, Brigadoi et al., 2017). K-means clustering was
implemented using the kmeans function from the stats package (R Core Team, 2021). To
explore the data flexibly, the analysis was performed multiple times with the cluster size
varying from k =2 to k =9. The groups included in the analysis were a) all groups (i.e., healthy
controls, bvFTD, nfvPPA, svPPA, IvPPA, AD), b) only the patient groups, ¢) bvFTD and PPAs,
d) only PPAs and e) bvFTD and AD. The analysis was performed on each one of the 10 imputed
datasets. Results from the 10 datasets were inspected on similarity using Cramer’s V.
Additionally, proportion of ambiguous clustering (PAC) was assessed as suggested by
Senbabaoglu et al. (2015) to determine stability of the clustering results. PAC was calculated
with lower bound of consensus indices set to 0.1 and upper bound set to 0.9. When comparing
clustering results across the ten imputations, PAC expresses the proportion of participant pairs
for whom less than nine out of the ten analyses agreed on whether the two participants cluster
together or apart (Senbabaoglu et al., 2015). In a next step the results were combined using
majority voting() from the diceR package (Chiu & Talhouk, 2021). This simple method for
consensus clustering evaluates correspondence of cluster labels across different runs of the
analysis before assigning to each participant the cluster that it was most often attributed to.
Results were evaluated first looking at whether clusters separated between different diagnostic
groups and how this changed with increasing number of clusters. Next results were inspected
more in detail by looking at neuropsychological test performance to possibly identify the pattern

underlying the observed clustering. The complete code and results can be found in the
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Appendix.

Based on the exploratory nature of the clustering analysis, results will be summarized
in a purely descriptive way as was performed in previous studies (e.g., Maruta et al., 2015;
Scheltens et al., 2016). This will help generation of new hypotheses that can be tested in more
rigorous future studies. Results will be presented for each one of the patient comparisons
separately. Due to the exhaustiveness of analyses performed the focus is on consistent findings

observed across cluster sizes and comparisons.

3 Results
3.1 General Quality Checks

In most cases Cramer’s V varied between 0.7 and 1 for pairs of datasets (Figure 3). Only
in rare cases it dropped below 0.7 for single datasets. Generally, Cramer’s V decreased with
increasing number of clusters but remained high even for the maximum number of clusters
which was set to k = 9 (Table 8). An additional index, PAC, supported the idea that clustering
results were relatively stable across imputed datasets (Table 10 and 11, Figure 4). In most cases
PAC ranged from 0.06 to 0.26. Analysis c) with PPA and bvFTD patients resulted in
particularly bad results on this index ranging from 0.13 to 0.37. With three clusters (k = 3) a
PAC of 0.37 indicated that nearly 40% of participants can be considered as ambiguously
clustered. Interpretation of the results from this analysis should thus be taken with care. Except
for this specific case, we concluded that clustering results across imputations were sufficiently
stable for further analysis. Interestingly, in some cases Cramer’s V was lowest for intermediate
numbers of clusters. Similarly, PAC was usually higher (indicating lower stability) for
intermediate cluster sizes. One possible explanation could be that a higher number of clusters
may be more fitting to the data.

Table 8

Cramer’s V across all analyses performed (Split by Amount of Clusters)

Amount of Mean (sd)
clusters (k)

2 0.96 (0.03)
3 0.9 (0.11)
4 0.92 (0.05)
5 0.86 (0.09)
6 0.86 (0.1)
7 0.87 (0.09)
8 0.86 (0.09)
9 0.86 (0.08)

Table 9
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Cramer’s V across all analyses performed (Split by Groups Compared)

Groups included Mean (sd)
All Groups 0.9 (0.07)
All Patient Groups  0.86 (0.11)
PPA and bvFTD 0.88 (0.09)
PPA 0.89 (0.08)

AD and bvFTD 0.88 (0.1)

Figure 3

Density Distribution Cramer’s V
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Table 10
PAC across all analyses performed (Split by Amount of Clusters)

Amount of Mean (sd)
clusters (k)

2 0.08 (0.04)
3 0.17 (0.1)
4 0.14 (0.05)
5 0.22 (0.08)
6 0.17 (0.07)
7
8
9
1

0.15 (0.05)
0.14 (0.04)
0.12 (0.03)

Table 11

PAC across all analyses performed (Split by Groups Compared)

Groups included  Mean (sd)
All Groups 0.12 (0.05)
All Patient Groups  0.17 (0.08)
PPA and bvFTD 0.17 (0.09)

PPA 0.13 (0.05)
AD and bvFTD 0.15 (0.07)
Figure 4

Density Distribution PAC
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3.2 Consensus Clustering

For clarity, results in the following section will be exemplified with clusters referred to
using the nomenclature Cjk with j indicating the cluster number and the subscript k referring to
the clustering parameter k (i.e., amount of clusters defined for the analysis).
3.2.1 All Groups
3.2.1.1 Diagnostic Groups. The first analysis was done including all groups of interest (i.e.,
healthy controls, AD, bvFTD, nfvPPA, IvPPA, svPPA). When inspecting the diagnosis of
patients in each cluster, it becomes apparent that healthy controls cluster together but not
separately from the patient groups (Figure 5 and 6). With increasing number of clusters, the
homogeneity of the cluster containing the healthy controls increases. However, even at the
maximum number of clusters (k = 9) it does not surpass 75% (C99 consists of n = 46 healthy
controls, n=6 bvFTD, n =5 nfvPPA, n =3 svPPA and n = 1 IvPPA patients). With the number
of clusters being set to k =4, a cluster emerges (C34) that, to a great majority (81%) consists of
bvFTD patients, the remaining being AD patients (19%). The participants that make up this
cluster continue to form a separate cluster also for the analysis with a greater number of k (i.e.,
k=5-9). Taking a closer look at the analysis with cluster size set to k =9, it seems that several
clusters show some degree of homogeneity in the diagnostic groups that they include. Apart
from a cluster containing mainly healthy controls (C99), and a cluster with mainly bvFTD
patients (C89) described earlier, an additional cluster contains mainly bvFTD patients (C5o:
92% bVFTD patients) and one cluster contains mainly svPPA patients (C69: 71% svPPA
patients). The cluster grouping most AD patients also contains a great proportion of bvFTD
patients (Clo: 60% AD and 31% bvFTD patients). Additionally, IvPPA and nfvPPA seem to
cluster together. They do not separate well from other patient groups but most IvPPA and
nfvPPA patients are distributed in clusters C29 and C39. Although very mixed, it may be noted
that one cluster that contains mainly bvFTD patients also contains a considerable proportion of
svPPA patients in the dataset (C49: 22% of svPPA patients). At least three clusters remain very
mixed (Clo, C29, C79).
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Including questionnaire scores (Figure 6) in the analysis does not seem to greatly affect
the cluster results. However, one observation is that bvFTD patients seem to cluster more easily
apart from other patient groups when questionnaire scores are included. For example, at cluster
size set to k = 3, a relatively homogeneous cluster containing mainly bvFTD patients emerges
(C33 with 72% bvFTD patients) which is not observed in the analysis without questionnaire
scores. Additionally, at k = 5 two relatively homogeneous clusters emerge compared to one in
the analysis without questionnaire scores (C2s and C5s with 82% and 80% bvFTD patients,
respectively). Interestingly, cluster results seem to be more homogeneous for svPPA in the

analysis without compared to the analysis with questionnaire scores.
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Figure 5
Visualizing Clusters by their Composition of Patient Groups (Including all Groups, Without Questionnaires)
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Figure 6
Visualizing Clusters by their Composition of Patient Groups (Including all Groups, With Questionnaires)
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3.2.1.2 Neuropsychological Profile. Next, cluster centers were inspected. Results were
similar with and without questionnaires. A special focus was put on those clusters that showed
a relatively great homogeneity in the diagnostic groups they comprised. With the smallest
number of clusters (k = 2 — 3 and k = 2 without and with questionnaire scores, respectively),
results suggest clusters to differ mainly with respect to disease severity. This interpretation is
based on the observation that clusters show consistently better or worse performance on nearly
all scores included. In part clustering results of analyses with a greater amount of clusters could
also be explained by differences in severity. For example, consistent differences can be
observed between clusters at k = 4 (Figure 7) without questionnaires (e.g., C24 seems less
impaired than Cl4 which seems less impaired than C34). Further, when there was more than
one cluster that consisted predominantly of the same patient group, these clusters seemed to
differ by severity. For example, in the analysis without questionnaire scores, CS59 and C89
predominantly consisted of bvFTD patients and mean neuropsychological scores of C89 are
uniformly lower than the ones of C5¢ (Figure 8). Despite this general observation that clustering
results may in part be explained by differences in severity, neuropsychological patterns could
also be observed.

For bvFTD, one cluster that emerged in the analysis without questionnaire scores (e.g.,
C34) yielded particularly low scores on all sub-scores of the FTLD-CDR except Language
compared to the other clusters.

To differentiate the three PPA variants, results from the clustering analysis may be of
particular use to separate svPPA patients from the other two PPA variants. Results did not
support distinction of nfvPPA and IvPPA as these continuously clustered together even at k =
9. Particularly the repeat and point test may prove relevant to distinguish svPPA from the two
other PPA variants. This distinction becomes most apparent when comparing C39 and C69 in
the analysis with questionnaire scores consisting of mainly IvVPPA/ nfvPPA patients and svPPA
patients, respectively. While the svPPA cluster (C69) scores lower on the point task than the
nfvPPA/ IvPPA cluster (C39), both groups seem to perform similarly on the repeat task.
Additionally, the svPPA cluster seemed to perform particularly badly on the BNT, the test of
verbal but not phonemic fluency and the Cookie Theft Test. Interestingly, while performing
better on most other scores, the IvVPPA/ nfvPPA cluster shows greater impairment than the
svPPA cluster on tests involving number processing, i.e., TMT versions A and B as well as
digits forward and backwards tests and the block span assessing visuospatial memory.

Inspecting clusters Clo, C59 and C89 to explore possible differences between an AD-

dominant and two bvFTD-dominant clusters indicates that both bvFTD clusters score lower on
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most FTLD-CDR scores and this is particularly pronounced for the sub-score Behavior,
comportment, & personality while it is not true for the sub-scores Memory, Orientation and
Language. Interestingly, memory tests do not seem to differentiate between the AD cluster
(Clo) and the more severely affected bvFTD cluster (C89). Similarly, executive functions do
not seem to differentiate between the two patient groups.

Inspecting results from the analysis including questionnaire scores suggests that
questionnaires may aid the separation of a group of bvFTD patients that seem relatively high
functioning. They may be characterized by little impairment on most variables with isolated
low scores on the Apathy Scale and FrSBe questionnaire (e.g., C33, C44, C2s5, C5s).
Additionally, these clusters present with low scores on the FTLD-CDR sub-score behavior,

comportment, & personality.
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Figure 7

Radar Plot Summarizing Cluster Centers (all Groups, Without Questionnaires, k = 4), Bar Plot Indicating Composition of Clusters
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Figure 8

Radar Plot Summarizing Cluster Centers (all Groups, Without Questionnaires, k = 9), Bar Plot Indicating Composition of Clusters
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3.2.2  Only Patient Groups

3.2.2.1 Diagnostic Groups. Overall, the analysis with all patient groups, excluding
healthy controls yields similar results as the analysis with all groups. However, in comparison
to the previous analysis, bvFTD patients seem to separate more easily yielding a very
homogeneous cluster at k = 7 - 9 (e.g., C77: 92% bvFTD patients in the analysis without
questionnaires). Like the previous analysis, this homogeneous clustering of bvFTD patients
seems to be further facilitated when including questionnaire scores (Figure 10). The number of
bvFTD patients contained in very homogeneous clusters in the analysis without questionnaires
is highest for k = 7 reaching 48% (i.e., 82 out of 171 bvFTD patients in C17 or C77). When
including questionnaire scores, homogeneous bvFTD clusters emerge at k = 3 and percentage
of homogeneously clustered bvFTD patients increases with increasing number of clusters
reaching a peak at k = 6 with 83% of bvFTD patients contained in one of the three homogeneous
bvFTD clusters (i.e., 143 out of 173 bvFTD patients in C26, C4¢ or C56). An additional
observation is a cluster that emerges in the analysis without questionnaire scores (Figure 9).
This cluster (Clo) contains only one bvFTD patient while the other patient groups contribute to
this cluster to a similar percentage (between 18% and 30%). In the light of bvFTD forming the

largest group, this cluster is surprising.
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Figure 9

Visualizing Clusters by their Composition of Patient Groups (Including Only Patient Groups, Without Questionnaires)
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Figure 10

Visualizing Clusters by their Composition of Patient Groups (Including only Patient Groups, With Questionnaires)

Number of clusters k =2 | Number of clusters k=3 | Number of clusters k=4

|
| 120 1
150 -- [ 1% |

_ 42% 100+
5
Gwo) |

50

17% =8

33% ]
=N | . S o
50 81%

32% 85%

7% 29% 299% 25% 301
L 13% || 8%
13% 16% 16% 14% 22% 17% 22%
o 11.% ‘ ol . . . | =S : 0 =l |
3 4 5

Number of clusters k=5

07 21% 14%

1 2 1 2 3 1 2 3 4 1 2
Cluster
Number of clusters k = 6 | Number of clusters k =7 | Number of clusters k = 8
(7% |
751
| 11% |
5 507
S
A% 47%
251
22% 89%
81% 0 32%
o) 2% o) [23% 2% 2%
1 2 3 4 5 6 1 2 3 4 5 6 4 1 2 3 4 5 6 7 8
Cluster
Number of clusters k=9 |

E
3
[o]
O

23%

5
Cluster

87%
47%
89%
2%
3 4

M Groups
13% |:| Healthy Control
. Alzheimer
89% 49% [ | s
] swea
L[] neeea
— o [] wepa
R

7



EXPLORING FTD WITH K-MEANS CLUSTERING 66

3.2.2.2 Neuropsychological Profile. Description of cluster results will be exemplified
in this section by clusters from the analysis including questionnaires. Comparing the
neuropsychological features of the clusters which mostly contain bvFTD patients, indicates that
their main difference lies in disease severity with some clusters scoring consistently worse on
nearly all variables. Apparent is that each one of the homogeneous bvFTD clusters scores low
on the Apathy Scale and the FrSBe sub-scores, even when highly proficient in all other domains
assessed (i.e., Cls, C3s5, C4e, C77, C4s, C4o). Additionally, simple neuropsychological tests such
as the BNT and the repeat part of the repeat and point test show similarly high performance
across bvFTD clusters and thus do not seem affected by disease severity. For the remaining
variables, scores of the different bvFTD clusters remain in parallel. A consistent finding for
homogeneous bvFTD clusters is that these clusters reached lower scores on the Behavior,
comportment, & personality than on the Language domain of the FTLD-CDR. The opposite
was observed for the remaining clusters. A further observation made in the analysis with and
without questionnaires is the emergence of a cluster containing all patient groups but only very
few bvFTD patients. This cluster (i.e., Clg and C59 in the analysis without and with
questionnaires, respectively) 1is characterized by low scores across nearly all
neuropsychological assessments while showing comparatively preserved scores on the FTLD-
CDR and the questionnaire scores. BVFTD patients seem to show the opposite pattern, namely
low scores on behavioral assessments with relatively preserved neuropsychological scores.

Similarly, comparing neuropsychological scores of the clusters that primarily consist of
IvPPA/ nfvPPA patients suggests differences due to disease severity. Parallelism is maintained
across variables except for FTLD-CDR Behavior, comportment, & personality and for FrSBe
Executive dysfunction and Apathy which remain good independent of severity (e.g., C39, C99).

Comparing the IVPPA/ nfvPPA clusters (i.e., C39, C99) with the svPPA cluster (i.e., Clo)
suggests that svPPA patients score particularly low on the Point compared to the Repeat part
of the repeat and point task. On the FTLD-CDR sub-score Behavior, comportment, &
personality the svPPA cluster seems to score lower than all IvPPA/ nfvPPA clusters.
Additionally, patients in the svPPA cluster seem to perform better than patients in the IvPPA/
nfvPPA clusters on parts of the Stroop and the digits and block tapping tasks.

The comparison of the bvFTD clusters (i.e., C29, C49, C69) with the svPPA cluster (i.e.,
Clo, C59) suggests differences between the patient groups on the FTLD-CDR. Results from the
svPPA cluster are worse on the Language domain and better on the Behavior, comportment, &
personality domain. Except for lower results on the BNT in the svPPA cluster, results on other

language assessments were mixed. The two executive function variables block tapping
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backward, and TMT error scores were better in the svPPA cluster than the bvFTD clusters.
Larger differences were observed on the Apathy Scale and the FrSBe on which the svPPA
cluster showed smaller behavioral impairment as reported by a companion compared to all
bvFTD clusters.

Evaluation of the AD cluster (i.e., C89) in comparison to the bvFTD clusters (i.e., C2o,
C49, C69) suggests patients in the AD cluster to score lower than all bvFTD clusters only on the
variables assessing memory of unstructured verbal information after a delay period (CERAD
wordlist recall and word savings). The bvFTD clusters instead show lower scores on the Apathy
Scale and all sub-scores of the FrSBe as well as on the FTLD-CDR sub-scores Personal care

and Behavior, comportment, & personality.
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Figure 11
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Radar Plot Summarizing Cluster Centers (Only Patient Groups, With Questionnaires, k = 9), Bar Plot Indicating Composition of Clusters

GDR  Age Educati
FrSBe: Apathy Healon ymse

FrSBe: Disinhibition CDR

FrSBe: Ex. Dys. FTLD-CDR

B-ADL

AES

RMET

Figure Copy

Applause Sign

Cognitive Estimation

H5PT: Percent

H5PT: Total

H5PT: Correct

Wordlist Infrusions

Stroop: Error

Stroop: Interference

Visual Span BW

Digit Span Bw

TMT Errors

TMTB/A

T™MTB

Written Language

Token Test

CDR: Memory

CDR: Orientation

CDR: Judgment, PBS

CDR: Community Affairs

CDR: Home & Hobbies

CDR: Personal Care

CDR: Behavior

CDR: Language

TMTA

Stroop: Color

Stroop: Word

Tot. Wordlist

Wordlist 1

Wordlist 2

Wordlist 3

Wordlist Recall

Wordlist Savings

Wordiist Recognition
Fig. Re.

Repeat Fig. Sav.

Point DSF

VSF
BT Cookie p. Flu. S.Flu

Count

60

40

20

Cognitive Function Cluster
. Demographic D 1 Group
I screenings severity - [] Heathy Control
= Atention O- Alzhei:/ner
Learning, Memory 4
- Language D 5 B
B cxccute Funcion Os SPPA
B Ferceptuai motor skiis O NRPPA
B soci Cogniton Cls e
B ouestionnaires s
1 2 3 5 8 9

Cluster



EXPLORING FTD WITH K-MEANS CLUSTERING 69

3.2.3 PPA and BvFTD

3.2.3.1 Diagnostic Groups. Superficially, the analysis with PPA and bvFTD patient
subgroups shows that with increasing number of clusters first bvFTD and PPA patients cluster
apart and then svPPA patients form separate clusters from nfvPPA/ IvPPA patients (e.g., Cls,
C55 contain mainly all three groups of PPA patients compared to C3s, C4s containing mainly
bvFTD patients in the analysis without questionnaires). In the analysis without questionnaire
scores (Figure 12) the separation of bvFTD patients in separate clusters is incomplete with
several clusters consisting to a similar proportion of bvFTD and PPA patients (e.g., C25 consists
of 57% bvFTD and 43% PPA patients). Clustering results become more homogeneous when
including questionnaire scores (Figure 13). With questionnaires at k = 3 a clear bvFTD cluster
emerges (C33) and at k = 4 there are two bvFTD (C24, C34) and two PPA clusters (Cls, C44).
At k greater than four, percentage of bvFTD patients clustering separately from PPA subgroups
surpasses 70% and is highest for the analysis with five clusters reaching 87%. At the maximum
number of clusters (k = 8 and k = 9), there does not seem to be a meaningful difference between
clustering results with and without questionnaires.

Interestingly, across both analyses some clusters persist that despite consisting mainly
of bvFTD patients also have a considerable proportion of PPA patients (e.g., analysis without
questionnaires: Clo, C6o; analysis with questionnaires: C4o, C99). Inspection of these clusters
may suggest that some bvFTD patients are more similar to svPPA or to nfvPPA/ IvPPA patients,
as they seem to cluster either with one or the other patient group. Additionally, both when
including or excluding questionnaires, a majority of svPPA patients cluster together and
separately from IvPPA/ nfvPPA patients, while IvPPA and nfvPPA patients do not seem to
cluster apart. Further, except for the analysis with questionnaire scores at k = 9, in all other
analyses at least one cluster persists that contains all three PPA groups to a similar proportion.

Generally, similarity in cluster structure emerging in the analysis with and without
questionnaire scores is observed. For example some clusters may be attributed to bvFTD (e.g.,
without questionnaire scores C6g, C7g, C59, C89, C99; with questionnaire scores Clg, C7s, C8s,
Clo, C29, C59, C89), svVPPA (e.g., without questionnaire scores Clg, C79; with questionnaire
scores: C4g, C6g, C99), IVPPA/ nfvPPA (e.g., without questionnaire scores C5g, C8s, C39, C4o;
with questionnaire scores C2g, C33, C39, C49, C79) , mixed PPA (e.g., without questionnaire
scores Clg, C29; with questionnaire scores C5g). Other mixed clusters are less comparable
across the two analyses such as a cluster of mixed bvFTD and svPPA patients in the analysis

without questionnaire scores (e.g., C23, Clo).
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Figure 12

Visualizing Clusters by their Composition of Patient Groups (Including PPA and bvFTD, Without Questionnaires)
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Figure 13
Visualizing Clusters by their Composition of Patient Groups (Including PPA and bvFTD, With Questionnaires)
Number of clusters k =2 | Number of clusters k = 3 | Number of clusters k =4 | Number of clusters k=5
22% 20% 14%
150+ 45% 90 754
100 1
£ - % S
£ 1001 57% 60 504 71%
o 90%
8 | o | o o
501 35% 35% 34% 33%
501 18% 24% 301 96% 251 o T
15% 13% 20% 18% 30% 22% - 32%
01 : - 01 y - 01 : : : : 01 : :
1 2 1 2 3 1 2 3 4 1 2 3 4 5
Cluster
Number of clusters k = 6 Number of clusters k=7 MNumber of clusters k =8
8011 14% 601
601 — 17%
60 16%
- 16% 407
= 91% 50% 93% 90%
3 401 89% |[_19% 86% 4% R 8%
35% 52% J
20 |
2 2% 100% 100% 31%
20% 30% 209, 24% = 29% 25% 1 ogo, |22 F
01 - i - ; - - ! - 01 - : i
1 2 3 4 5 6 4 5 & 1 2 3 5 6 i 8
Cluster
Number of clusters k =9 |
14%
16% Groups
40 D Healthy Control
e Alzheimer
c 50% .
3 89% [ ]eFm
8] 54%
20 4% ] 5 SHEEA
88% 52% NVPPA
2% . g [ ] wepra
o 5% ] e 38%
1 2 3 4 5 6 7 8 9

Cluster



EXPLORING FTD WITH K-MEANS CLUSTERING 72

3.2.3.2 Neuropsychological Profile. Comparing the different clusters which mainly
consist of IVPPA/ nfvPPA patients (i.e., without questionnaire scores C39, C4o; with
questionnaire scores C39, C49) suggests that the two clusters differ in severity. Compared to the
other clusters, patients in the 1IvPPA/ nfvPPA clusters reach better scores on the FrSBe
Executive Dysfunction subscale. Comparing these clusters to the svPPA clusters (i.e., without
questionnaire scores C79; with questionnaire scores C6g, C99), svVPPA patients seem to score
lower on the point task, the BNT and the delayed memory task of word list recall and
recognition but neither for immediate word list recall nor for figure recall. SVPPA clusters
scored relatively better on some executive function, non-verbal memory, and processing speed
scores such as Stroop, digit and block tapping span tasks.

The bvFTD clusters (i.e., without questionnaire scores C59, C89, C99; with questionnaire
scores Clg, C29, C59, C89) seem to differ in severity. In the analysis without questionnaires one
cluster (i.e., C59) shows relatively preserved delayed memory recall both for words and figures.
Possibly this indicates a subgroup of bvFTD patients who show relatively preserved memory
function. In comparison to the svPPA clusters, the bvFTD clusters have better scores on the
BNT and FTLD-CDR Language sub-score and lower mean scores on the variables of the

Apathy Scale and FrSBe as well as the FTLD-CDR sub-scores Orientation and Personal care.
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Figure 14
Radar Plot Summarizing Cluster Centers (PPA and bvFTD, Without Questionnaires, k = 9), Bar Plot Indicating Composition of Clusters
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Figure 15
Radar Plot Summarizing Cluster Centers (PPA and bvFTD, With Questionnaires, k = 9), Bar Plot Indicating Composition of Clusters
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3.24 PPA

3.2.4.1 Diagnostic Groups. Similar to the previous analysis, excluding bvFTD patients
suggests separation of svPPA patients and mixed IvPPA/ nfvPPA patients in different clusters.
Inclusion of questionnaire scores does not seem to impact clustering results in a meaningful
way (Figure 17). Further, despite most clusters showing a predominance of either svPPA or
IvVPPA/ nfvPPA patients, even at the maximum number of clusters (k = 9) a mixed cluster

persists consisting of a similar proportion of all three PPA variants (e.g., without questionnaires
Clo, C99).
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Figure 16

Visualizing Clusters by their Composition of Patient Groups
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Figure 17
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3.2.4.2 Neuropsychological Profile. Examples are provided from the analysis without
questionnaire scores (Figures 18 and 19). Overall, comparing the svPPA clusters (e.g., Cls,
C4s; C59, C69, C79) supports the idea that patients were clustered based on disease severity.
Interestingly different clusters show highly similar results on some variables such as the repeat
task, a figure copying task, the error score on the TMT and the block tapping task. In case
clustering results indeed correspond to severity, cognitive function for these tests may be well
preserved even in more severe forms of svPPA. Additionally, when the number of clusters was
set higher (i.e., k = 7-9), one cluster that may correspond to intermediate severity (i.e., C2s,
C69) compared to the other two svPPA clusters shows the smallest impairment of svPPA
clusters across FTLD-CDR sub-scores. This may suggest existence of a svPPA subgroup with
relatively spared behavioral symptoms. Support for this idea comes from a corresponding
cluster in the analysis with questionnaires (i.e., C4s, C99) which shows comparatively high
scores on the questionnaires. However, these clusters are less homogeneous including up to
26% of participants with a diagnosis of nfvPPA or IvPPA. Patients with nfvPPA or IvPPA may
show lower behavioral impairment and drive the observed difference.

In a similar way the comparison of the mixed nfvPPA/ IvVPPA clusters (e.g., Cls, C34;
C2s, C3s, C5s5) suggests clustering by disease severity. Scores on some variables are similar
across clusters but this finding is inconsistent and varies when increasing the number of clusters.

Focusing on the contrast between nfvPPA/ IvPPA and svPPA clusters the only
consistent difference is that patients in the svPPA clusters perform better on various variables
from the TMT, especially on the error score and the block tapping and digit span tasks.
Additionally, results corroborate the previous finding that svPPA clusters show a large drop in
performance from the repeat to the point part of the repeat and point test and that this is not the

case for nfvPPA/ IvPPA clusters.
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Figure 18

Radar Plot Summarizing Cluster Centers (PPA, Without Questionnaires, k = 5), Bar Plot Indicating Composition of Clusters
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Figure 19
Radar Plot Summarizing Cluster Centers (PPA, Without Questionnaires, k = 9), Bar Plot Indicating Composition of Clusters
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3.2.5 BvFTD and AD

3.2.5.1 Diagnostic Groups. The last analysis performed included only bvFTD and AD
patients. Two types of clusters emerged. Several clusters consist nearly exclusively of bvFTD
patients. The remaining clusters contain mainly AD patients but also a large proportion of
bvFTD patients. This does not change even when increasing the number of clusters in the
analysis to k = 9. Thus, a majority of bvFTD patients can be separated neatly from AD patients
while a smaller proportion instead does not separate from AD patients. The maximum
homogeneity yielded for AD clusters is a cluster which contains 74% AD patients. Therefore,
all AD clusters have at least one quarter of patients diagnosed with bvFTD. Including
questionnaire scores suggests a slight improvement of results both for k =3 and k = 7-9. In the
analysis with questionnaires, maximum homogeneity of AD clusters reaches 78% and 85% at
cluster sizes k = 8 and k = 9 respectively. In general results seem comparable in the analysis

including and excluding questionnaire scores (Figure 21).
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Figure 20
Visualizing Clusters by their Composition of Patient Groups (Including AD and bvFTD, Without Questionnaires)
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Figure 21
Visualizing Clusters by their Composition of Patient Groups (Including AD and bvFTD, With Questionnaires)
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3.2.5.2 Neuropsychological Profile. Inspecting clusters which consist mainly of
bvFTD patients suggests that the analysis with lower number of clusters (e.g., k=3 - 5) is based
on disease severity with clusters yielding scores on the different variables that remain
approximately in parallel (e.g., without questionnaire scores Cl4, C34, C44; with questionnaire
scores Cly, C24, C44). Few exceptions of this are observed on the proportion of words recalled
after a delay compared to immediate recall (i.e., savings words), the ratio of time needed on the
TMT version B and version A. When including questionnaire scores, the FrSBe Executive
Dysfunction scores and Depression Scale were either similar across clusters or did not
correspond to the order of severity as observed on the other variables. With a greater number
of clusters (e.g., k = 7-9) clustering results were inconsistent. However, results may suggest
existence of bvFTD subgroups with different neuropsychological pattern. One subgroup may
show greater behavioral impairment as indicated by particularly low FTLD-CDR and
questionnaire sub-scores while another subgroup may be characterized by greater attention,
language and executive impairments (i.e., without questionnaires C4¢, C6s, C17, C37, C39, Cbo;
with questionnaires Clsg, C7g, Clog, C69).

Inspection of AD clusters partly supports that clusters differ with respect to disease
severity. However, similar mean scores across clusters are observed on several variables (e.g.,
FrSBe Personal care, FrSBe Behavior, comportment, & personality, word discriminability,
figure recall, TMT B/A, TMT error score, block tapping forward). Parallelity of AD clusters is
not maintained for other variables such as the number of intrusions and the scores for recalling
figures copied (e.g., without questionnaire scores C3s, C56, C47, C57, Clg, C4s; with
questionnaire scores C67, C77, C5s, C6g, C59, C79).

Comparing clusters that are composed mainly of bvFTD or mainly of AD patients shows
that the clusters containing most AD patients score better on the Behavior, comportment, &
personality score of the FTLD-CDR (e.g., without questionnaire scores C24, Cls, C3s, C3g,
C56). Considered alone, memory scores do not seem to differentiate AD from bvFTD clusters.
However, in comparison to scores on other neuropsychological variables, AD clusters seem
relatively more impacted on the memory scores compared to the bvFTD clusters. AD clusters
mimic the most severely affected bvFTD cluster on memory scores while being more similar
to intermediate bvFTD clusters on other variables. Including questionnaires shows that bvFTD
clusters have low scores on the Apathy scale and the FrSBe subscales even when they do not
demonstrate large impairment on other variables (e.g., C4s, C4¢). A general pattern is observed
on the FTLD-CDR with patients from bvFTD clusters consistently scoring lower on the

Behavior, comportment, & personality scale compared to the Language.
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Figure 22

Radar Plot Summarizing Cluster Centers (AD and bvFTD, Without Questionnaires, k = 4), Bar Plot Indicating Composition of Clusters
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Figure 23
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Radar Plot Summarizing Cluster Centers (AD and bvFTD, With Questionnaires, k = 8), Bar Plot Indicating Composition of Clusters
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4 Discussion

The present study used an unsupervised ML algorithm to analyze neuropsychological
data from patients with FTD. Comparison groups included in the study were healthy controls
for validation purposes and patients with AD or the atypical AD variant IvPPA. Differential
diagnosis of these patient groups is difficult, and misdiagnoses are common (Rascovsky &
Grossman, 2013). To date, diagnostic certainty can be reached only via pathological
confirmation post-mortem (Deuschl et al., 2016) and there is no gold-standard for diagnosis
prior to death (Arevalo-Rodriguez et al., 2021). However, diagnostic decisions highly influence
the treatment options considered by doctors. No cure exists neither for AD nor for FTD (Farouk
& Rady, 2020; Panza et al., 2020). Pharmacological treatments have proven useful to reduce
progression or to minimize specific symptoms for AD but not for FTD (Deuschl et al., 2016).
When drugs approved for AD were administered to FTD patients, no consistent effects were
found and treatment with Donepezil, a common drug for treating AD (Deuschl et al., 2016),
was associated with worsening of neuropsychiatric symptoms (Ljubenkov & Boxer, 2021). The
goal of the current analysis was to investigate the heterogeneity within diagnostic groups as
well as differences between them. These differences may inform future clinical decisions and
support the search for effective therapeutic strategies (Musa et al., 2020).

Various studies investigate the applications ML algorithms can find as decision support
systems in the medical context (Alvarez et al., 2019; Cohen et al., 2021; de Bruijne, 2016). In
contrast to supervised learning which is trained to find a pattern linking input variables and
class labels in the data, unsupervised learning is independent of labelling. In the case of
dementia, where diagnostic uncertainty persists, it may be a main advantage to investigate
patterns in the data without being restricted by existing labels. Rather than simply minimizing
the error of classification in comparison to the current diagnostic standard, this exploratory
approach may help to find new patterns and put current diagnostic procedures into question in
the search of more clinically relevant diagnostic standards (Escudero et al., 2011; Farouk &
Rady, 2020). Restricting the analysis to behavioral data allows for implementation of findings
in a clinical setting with sparse resources. This study was exploratory in nature and conclusions
need to be interpreted with care and tested more rigorously in future studies.

4.1 Summary of Results

To gain insight into the structure of the data, the analysis was performed repeatedly
varying a) the patient groups included, b) whether, additionally to demographic and
neuropsychological test scores, the analysis also included questionnaire scores, and c) the

number of clusters defined (i.e., varying from k = 2 to k = 9 for each analysis). Several



EXPLORING FTD WITH K-MEANS CLUSTERING 88

observations proved consistent across these different analyses. Firstly, coherence between
patients’ diagnosis and the cluster results of our analyses was partly shown, especially for
bvFTD and the distinction of svPPA and the two other PPA variants. This suggests that there
is a correspondence between grouping of participants when using only behavioral data and their
diagnosis. Unsupervised clustering can thus characterize the patients on cognitive functioning
and support the current diagnoses without being trained on diagnostic labels (Escudero et al.,
2011).

Second, the inclusion of questionnaire scores may be useful particularly, if not
singularly to distinguish bvFTD from other patient groups. Questionnaire scores that seem of
special relevance are the FrSBe and the Apathy Scale. Interestingly, when including only
bvFTD and AD patients, clustering results seem very similar in both, the analyses with and the
analyses without questionnaire scores. Thus, in the current analyses these scores do not seem
to influence separation between AD and bvFTD meaningfully. Questionnaire scores may
instead be of particular use to separate bvFTD from PPA and this may be even more valid at
low levels of disease severity when cognitive functioning in bvFTD is largely intact. Usefulness
of the other two questionnaire scores included (i.e., B.ADL and Depression Scale) as well as
usefulness for differential diagnoses between non-bvFTD patients seems limited.

Thirdly, by varying both the patient groups included and the number of clusters defined
(i.e., parameter k) in the analysis we observed that increasing the number of clusters in the k-
means clustering analysis has an effect of “zooming in” to the data structure. This allows to
understand the grouping of different participants independent of diagnosis but also to assess
which patient groups separate more easily from the remaining participants based on the data
used. By inspecting cluster centers, one may then infer the factors influencing the separation of
different clusters. The zooming effect may be of special value, when including a greater number
of diagnostic groups. When including healthy control participants, we observed that all healthy
control subjects grouped together. However, in opposition to what might have been expected,
they did not separate well from other patient groups. Instead, they were clustered with
participants from all other patient groups who were characterized by very low cognitive
symptoms. By increasing the number of clusters in the analysis, healthy controls progressively
separated better from patient groups, forming a more homogeneous cluster. In a similar way,
some patterns that are observed when including fewer patient groups can already be observed
when increasing the number of clusters in the analysis with all patients. For example, in the
analysis without questionnaire scores, defining k = 9, one cluster of mixed IvPPA/ nfvPPA

patients (i.e., C59) and one cluster of mainly svPPA patients (i.e., C69) emerges. This
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observation that svPPA patients cluster separately from the other two PPA groups is replicated
when including only PPA patients. One conclusion from this observation could be that k-means
clustering is very suitable for analyzing data from various patient groups at once. Despite such
analyses having high clinical relevance, including patient groups from various etiologies in
unsupervised learning is not common and to our knowledge the current study was the first one
to jointly investigate AD, bvFTD and PPA in this way. The emergence of large-scale
consortium data may facilitate such research in the coming years.

Fourth, heterogeneity observed between patients was large. This was noted between but
also within diagnostic groups and made separation of diagnostic groups fuzzy. Clusters
containing patients from more than one diagnostic group were observed in every analysis
performed. Additionally, focusing on mean scores of homogeneous clusters containing
primarily patients from one diagnostic group, showed that patients with the same diagnosis may
yield very different scores on neuropsychological assessments. Results on most cognitive tests
did not support the existence of disorder-specific impairments. Instead, additional to the
disorder, disease severity was most probably a main driving factor for differences in
performance between participants. At low number of clusters (k = 2 and k = 3) cluster centers
did not show patterns specific to variables or cognitive domains assessed but instead could be
characterized by low, intermediate, or high scores on virtually all variables. In these cases,
disease severity may have been the main factor driving clustering results. When the number of
clusters was set higher, patterns other than disease severity could be observed.

Based on the patterns observed some hypotheses can be formulated concerning
cognitive function across diagnostic groups. These need to be tested in future studies to
investigate whether they may indeed facilitate distinction of patient groups.

a) Differentiation of svPPA and nfvPPA/ IvPPA based on the repeat and point task:

Not a single score but instead a drop of performance from the repeat to the point task
may be indicative of svPPA symptomatology. This was recently suggested by
several studies (M. Henry & Grasso, 2018; Seckin et al., 2022).

b) Differentiation of bvFTD and PPA based on companion-reported behavior and
cognitive assessments: Results suggest that bvFTD is characterized by low scores
on the companion-rated versions of the Apathy Scale and the sub-scores of the
FrSBe Scale. Based on our findings, this may be true independent of disease
severity. Relatively low scores on the questionnaires despite preserved cognitive
functioning as assessed by formal neuropsychological testing, may distinguish

bvFTD from PPA even at low levels of disease severity. Current diagnostic criteria
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d)

for bvFTD include the presence of apathy and disinhibition as behavioral symptoms
indicative of bvFTD (Rascovsky et al., 2011). Based on the current study, both the
Apathy Scale and the FrSBe seem appropriate to assess the presence of these
symptoms.

Executive problems in bvFTD are not well-reflected using neuropsychological
assessments: In the current study, bvFTD was related to lower scores on the FrSBe
Executive Dysfunction scale while neuropsychological assessments of executive
function yielded inconsistent results. As mentioned previously the inclusion of a
summed executive error index may help to detect executive problems in bvFTD
(Kamath et al., 2019; Kramer et al., 2003). Classically four distinct cognitive
abilities - working memory, inhibition, set shifting and fluency — are considered
executive functions and are required for goal-oriented behavior (Rabinovici et al.,
2015). Possibly, patients with bvFTD do not necessarily show executive problems
in formal neuropsychological tests of executive function. However, the effects of
changed executive functioning may become apparent for close others when
observing the patient in their daily life. Behavioral rather than cognitive measures
may therefore be more appropriate to assess dysexecutive symptoms. For clarity,
diagnostic criteria may be adapted to include dysexecutive behavior rather than a
neuropsychological profile characterized by executive deficits.

The usefulness of social cognition assessments for distinction of AD and FTD
patient groups is limited: Despite previous studies suggesting social cognition to
differentiate bvFTD from healthy controls (Schroeter et al., 2018) and other
neurodegenerative or psychiatric diagnoses (Ducharme et al., 2020; Gossink et al.,
2018) the current study does not find supporting evidence. Current results should
however be interpreted with care, as social cognition is a complex construct
involving various cognitive functions (Dodich et al., 2021). Additionally, in the
current study it was assessed with a single variable, namely the RMET, which had
a relatively high percentage of missingness (i.e.,13-14% in both analyses). A
previous meta-analysis did not find significant differences in performance on social
cognition tasks between FTD groups but this study did not include neither AD nor
IvPPA (Kamath et al., 2019). Further studies may focus on alternative tests of social
cognition such as the Social Cognition and Emotional Assessment (SEA) combining
five subtests (Bertoux et al., 2012), the ultimatum game (Hinterbuchinger et al.,

2018), various social cognition tasks presented by Rankin (2021) for the study of
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g)

social cognition in FTD or spontaneous social behavior (Rankin et al., 2008).
Greater memory deficits relative to general cognitive impairment may be specific to
AD: The results from our analysis suggest that memory impairments in bvFTD
patients may well be as pronounced as in AD. However, it may be possible to
dissociate the two disorders by evaluating memory relative to general cognitive
functioning as assessed by the (FTLD-) CDR. Our results suggest a dissociation
between AD and bvFTD. BvFTD patients show relatively preserved memory and
(FTLD-) CDR scores or high impairment on both dimensions. AD instead seems to
be relatively more impaired on memory functions. AD clusters in our study
mimicked better performing bvFTD clusters for the (FTLD-) CDR scores while
mimicking more impaired bvFTD clusters for memory scores. Results from this
study need to be interpreted with care as AD patients did not form highly
homogeneous clusters. Most AD clusters contained around 20%-30% of patients
with a diagnosis other than AD, which may have distorted findings on the
neuropsychological cluster centers. Future studies may investigate possible within-
participant contrasts to express memory-dysfunction with relation to general
cognitive functioning. A retrieval-specific memory dysfunction in bvFTD compared
to AD as previously suggested (Ahmed et al., 2021; Musa et al., 2020) was not
supported by the current study. This is consistent with results reported in a study by
Glosser et al. (2002), in which patients with bvFTD did not show to profit from cues
at recall to a greater extent than patients with AD.

Contrasting FTLD-CDR scores of Language and Behavior, comportment, &
personality may be useful to screen for bvFTD but not for PPA variants: Comparing
FTLD-CDR sub-scores bvFTD clusters seemed to consistently show a drop in mean
scores from the Language to the Behavior, comportment, & personality sub-score.
For other patient groups FTLD-CDR scores were more mixed. We hypothesize that
a difference score of these two FTLD-CDR sub-scores may be sensitive to bvFTD
and useful as a screening tool.

Involvement of non-language deficits in PPA is highly heterogeneous: The hallmark
of PPA is a language deficit and diagnostic criteria for being considered with a
diagnosis of PPA include language as the main, most pronounced and most
debilitating of the symptoms in the initial phase of the syndrome (Gorno-Tempini et
al., 2011). Results from the current analysis suggest that cognitive involvement in

the PPA variants is larger than may be expected. Impairment in PPA being specific
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to language function is not supported based on our results from formal
neuropsychological testing. This was found despite data in the current study being
restricted to patient’s first visit and average delay since symptom onset for PPA
patients being less than three years. Language deficits may have influenced results
on tests of other cognitive domains such as reduced scores on the verbal learning
task in svPPA but this does not explain the entirety of results.

One consistent finding of the current study was that separation of svPPA and
nfvPPA/ IvPPA clusters seemed, except for differences on the repeat and point task,
mainly driven by differences on assessments of processing speed, short term and
working memory. Studies investigating neuropsychological impairment in the PPA
variants suggest IvVPPA to show the greatest cognitive deficits of the three variants
and that they show faster progression of cognitive decline (Kamath et al., 2020). A
meta-analysis found greater impairment of IvVPPA on measures of attention and
mathematical skills compared to both nfvPPA and svPPA, on memory assessments
compared to nfvPPA and on executive functioning, processing speed and
visuospatial skills compared to svPPA (Kamath et al., 2020).

Several studies suggest working memory impairment in IvPPA and nfvPPA
(Grossman, 2010; Harris et al., 2019; Libon et al., 2007; Ruksenaite et al., 2021).
Specifically, the difference of verbal and visuospatial working memory impairment
in these patient groups as assessed by the digit span and the visuospatial span tasks
has been investigated repeatedly. LvPPA is consistently shown to be impaired on
verbal memory span tasks (Foxe et al., 2020; Foxe et al., 2013; Gorno-Tempini et
al., 2008; Meyer et al., 2015). Concerning impairment on visuospatial span tasks
results are less consistent. While some studies do find patients with IvPPA to be
impaired on assessments of visuospatial memory span (Foxe et al., 2020; Foxe,
Cheung, et al., 2021), other studies do not support this (Foxe et al., 2013; Gorno-
Tempini et al., 2008). The latter explain the difference of verbal and visuospatial
memory deficits by an impairment specific to phonological processing in IvPPA.
Patients with nfvPPA seem more impaired on tasks assessing verbal memory (Foxe
et al., 2020; Foxe, Cheung, et al., 2021; Kamath et al., 2020) while svPPA patients
are shown to be spared from impairment on both types of tasks (Foxe et al., 2020;
Foxe, Cheung, et al., 2021).

Interestingly, previous studies have focused on these tests to discern IvPPA

from the other two variants. The current study does not support the distinction of
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IvPPA and nfvPPA based on neuropsychological assessments. Findings however are
in accordance with previous studies that find patients with svPPA to be spared on
both verbal and visuospatial memory span tasks compared to the other two PPA
groups. Additionally, visuospatial memory function assessed by figure copying and
delayed recall tasks have been suggested for differentiation of the three variants
(Marshall et al., 2018; Watson et al., 2018). This was not supported by our findings.
Further, studies have suggested behavioral changes to be typical of svPPA
(Grossman, 2010; Harris et al., 2019; Ruksenaite et al., 2021). This could not be
consistently observed in the current study. Future studies may include variables
assessing apraxia (Harris et al., 2019) and mathematical skills (Kamath et al., 2020)
which have both been related to differences between the PPA variants.
h) Hierarchical diagnostic procedure: A particularly high score on the Language item
of the FTLD-CDR, indicating high levels of impairment, may be sensitive to PPA.
Formal, quantitative neuropsychological testing of language deficits may instead be
useful and required to distinguish the different PPA variants, particularly svPPA
from nfvPPA/ IvPPA. These combined findings may suggest that the diagnostic
procedure could profit from a hierarchical framework. In a first step, general
language function could distinguish PPA from other patient groups. In a second step,
more specific neuropsychological testing would then be required for diagnostic
precision.
4.2 Limitations of the Current Study
For appropriate interpretation of the current results, several limitations need to be
considered. There are some methodological decisions made that may have influenced the
results. The common approach in k-means clustering analysis is to evaluate the number of
clusters for the analysis based on a defined criterion such as the maximization of the Silhouette
(e.g., Khedairia & Khadir, 2022) or Dunn index (Senbabaoglu et al., 2015) or the minimization
of the Davies-Bouldin index (Matias-Guiu et al., 2018), to name few internal criteria available.
We repeated the k-means clustering analysis by systematically varying the number of clusters
between two and nine. This approach may be criticized, as internal validation of the number of
clusters defined was not performed. In contrast to previous studies, the current study did not
aim to find the “true” number of clusters in the data. The goal was not to find possible subgroups
in the included patient groups. Instead, we intended to explore data structure. By evaluating
results on a number of cluster analyses, we were able to formulate hypotheses that were

observed independently of specific number of clusters.
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Results from previous studies may show inconsistencies due to differences in clustering
algorithm, number of clusters inspected, and clinical subgroups included. Systematically
varying both patient groups included in the analysis and the number of clusters defined, creates
replications of findings independent of the exact parameters. However, based on previous
studies, one may argue that the maximum number of clusters set to nine is not sufficient to
adequately inspect clustering of patients in the analysis with multiple diagnostic groups.
Previous unsupervised clustering studies suggest the existence of several subgroups for bvFTD
(Cerami et al., 2016; Ranasinghe et al., 2016; Whitwell et al., 2009), IvPPA (Machulda et al.,
2013; Owens et al., 2018), nfvPPA (Matias-Guiu et al., 2019) and AD (Alexander et al., 2021;
Scheltens et al., 2016; van der Vlies et al., 2009). SVPPA instead may be characterized by a
single cluster without further segregation into subgroups (Matias-Guiu et al., 2018, 2019). In
conclusion, repeating the analysis with higher number of clusters may be useful when including
all participant or all patient groups. With less patient groups, this may not provide additional
information, instead complicating interpretability of results.

For simplicity reasons, gender was not included as demographic variable in the analysis.
K-means clustering is operationalized to minimize clustering error, most commonly assessed
via the sum of the squared Euclidean distance. This measure is numeric and does not easily
allow for integration of categorical variables in the analysis (Likas et al., 2003). Corresponding
algorithms which allow for the inclusion of categorical data, such as k-modes clustering may
be used (Huang, 1998). Recent studies suggest gender-specific differences in dementia
syndromes on both clinical symptoms and extent of brain atrophy, so called sexual dimorphism.
This was shown for PPA (Rogalski et al., 2007; Sebastian et al., 2018), bvFTD (Illan-Gala et
al., 2021) and AD (Gamberger et al., 2016). Although results for bvFTD and PPA patients are
not conclusive, and further studies are required to establish the relationship between gender and
dementia phenotypes, these studies suggest that gender as an influencing factor should at least
not be completely discarded. Future studies should thus consider this knowledge and include
gender as additional factor for the analysis. Alternatively, future studies may perform the
analysis for each gender separately. While investigating the effect of gender on dementia
syndromes, this may additionally allow replication of results in two independent cohorts.

Criticism may be expressed concerning the dataset used. Large differences in the sample
size of participant outcome groups may be problematic for two reasons. Firstly, it may have
influenced clustering results observed (Frinti & Sieranoja, 2018). The computational aspects
of k-means clustering which aim to minimize clustering error have the effect that spherical

clusters with similar cluster sizes are favored. This is also referred to as the “uniform effect”
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(Hui Xiong et al., 2009; Mittal et al., 2019; Zhou & Yang, 2020). In accordance with bvFTD
forming the largest and IvPPA forming the smallest participant group, the observation that
bvFTD and IvPPA clusters present as most and least homogeneous, respectively, could be an
artifact of differences in group size. However, clustering results remain similar also when
including only patients diagnosed with PPA. PPA groups are much more similar in size. To
ensure that results are independent of group size, replication of the results may be performed
by resampling the groups to balance them for group sizes. Second, the analysis may not reflect
well the prevalence of diagnostic groups, thus questioning the validity of results for
implementation in a clinical setting. While the data was acquired from clinics over many years
as they were encountering diverse patients, the inconsistency of group size to population
prevalence may particularly be true with regards to the two control groups in the dataset, namely
AD which is much more prevalent than its proportion of the current study and healthy controls,
which may not present in neurologic clinics.

Further criticism may concern the high amount of missingness in the current dataset and
the way missing data was addressed in the analysis. Compared to single-center prospective
studies, retrospective consortium studies use data from many participants assessed on many
variables and often followed longitudinally. This is particularly valuable for rare disorders, such
as PPA, for which prospective studies are usually restricted by a small sample size. ML
algorithms are optimal for analyzing such highly dimensional data (e.g., Parums, 2021). Multi-
centric collaboration however comes at the cost of less clean and less complete data due to the
involvement of a multitude of parties with varying interests and differences in available
resources (e.g., Garcia-Laencina et al., 2010). To apply the k-means clustering algorithm, it is
required to deal with the missing data prior to analysis. We decided to combine two approaches
to deal with missing data. First, participants who had more than 20% missingness on the
variables used for the analysis were excluded. This approach is referred to as list-wise deletion
or complete-case analysis (Molenberghs et al., 2014). Missing data on the remaining
participants was imputed using multiple imputation (Campion & Rubin, 1987). As there is not
a single best way to treat missing data, this approach may be criticized. We argue however, that
the chosen approach represents a reasonable trade-off to accommodate the limitations of both
methods by themselves. List-wise deletion leads to a selection bias in cases where data is not
missing completely at random or concerns only a very small percentage (Basagaiia et al., 2013;
Enders, 2010). Additionally, for the dataset used, list-wise deletion would imply that only
specified variables could be used as virtually none of the participants had complete data. The

advantage of applying unsupervised learning algorithms lies in its ability to be suitable for



EXPLORING FTD WITH K-MEANS CLUSTERING 96

highly dimensional data and not having to decide a priori about the relevance of specific
variables. Imputing data for participants who have missing values on most variables is at the
risk of considerable amount of additional noise. Information from other variables may not be
sufficient to accurately impute the missing values, meaning that the assumption of ignorability
may not be met (van Buuren, 2018). Multiple imputation is thought to be well suited to deal
with missing data in the clinical setting (e.g., Hayati Rezvan et al., 2015; Tran et al., 2017). One
major advantage is that noise introduced by the process of imputation is reflected in the
variation of results. Maruta et al. (2015), prior to applying diverse clustering algorithms to
clinical data from patients diagnosed with PPA, used a similar two step approach to address
missing data. Instead of applying list-wise deletion for participants with a large proportion of
missingness, they removed variables exceeding 30% missingness and imputed remaining
values using the mean or mode value. In our study, questionnaires showed the largest proportion
of missingness. In favor of inclusion of questionnaire scores assessing behavioral change we
decided against this method and chose list-wise deletion instead. Imputation using multiple
imputation rather than single imputation poses less risk to produce spurious effects caused by
biased parameter estimates or underestimated standard errors (Enders, 2010). Overall, we
consider the missing data and imputation method chosen a limitation of the study but with
respect to the goal of the study and the current standard adopted in research for dealing with
missing data, we argue that the selected approach was reasonably adequate.

Finally, limitations referring to the clustering results found should be noted. Clusters in
all comparisons emerged that remained mixed and were difficult to interpret. The segregation
of patients diagnosed with AD and nfvPPA or IvPPA seemed particularly fuzzy. AD patients
mixed with all other patient groups to a similar extent. NfvPPA and IvPPA patients grouped
together but separately from the other groups. Prior studies may suggest certain diagnostic
groups to be more difficult to separate based on neuropsychological data only. Similar cognitive
symptoms are expected for AD and bvFTD (e.g., Musa et al., 2020) as well as for nfvPPA and
IVPPA patients (e.g., Biirger et al., 2017; Tippett, 2020). In these cases, data from other
modalities may be required to observe data-driven separation of patient groups. This prior
knowledge does not explain however clusters that contained patients from all or most diagnostic
groups. In these cases, inspection of cluster centers did not help interpreting the results. It may
demonstrate the heterogeneity of cognitive symptoms observed for patients of the same
diagnostic group. Additionally, it is conceivable that these clusters contain misdiagnoses.
Pathological data existed only for a small minority of participants included in the study and thus

diagnoses were not definite. Future studies may investigate these mixed clusters more closely
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to understand whether additional, multimodal data could help the distinction of these patients
and their respective diagnoses. Pathological data such as amyloid-marker as indicated by
positive amyloid-PET may be useful to distinguish AD and its atypical variant IvPPA from the
FTD spectrum disorders (Deuschl et al., 2016). LvPPA is a relatively new diagnostic category
and not yet well understood. Some studies question the existence of IvPPA as separate
diagnostic group (Maruta et al., 2015; Sajjadi et al., 2012). Pathological markers in IvPPA
remain ambiguous and overlap in pathology underlying AD and FTD syndromes was shown
(Elahi & Miller, 2017). Despite IvPPA belonging to the atypical AD variants, not all patients
diagnosed with IvPPA show AD typical pathology (Matias-Guiu et al., 2019). Lastly, these
findings may also be in accordance with a debate that dementia syndromes need to be
conceptualized on a spectrum, with possible overlaps between them. Single, deterministic
diagnoses may not be adequate to characterize dementia syndromes which instead may be
mixed or evolve over time. This has been suggested by several studies for PPA (Gil-Navarro et
al., 2013; Sajjadi et al., 2012; Wicklund et al., 2014) and AD (e.g., Price et al., 2015). To
conclude, interpretation of mixed clusters observed is ambiguous and may be caused by
methodological limitations, noisy data or instead may reflect limitations of current diagnostic
standards. This remains to be investigated in future studies.
4.3 Future Studies

Future studies are necessary to answer open questions, replicate the results and prove
the clinical relevance of the current findings. Building on our results, we point to possible
targets for future studies and make suggestions to improve the analysis performed. Hypotheses
pointed out previously need to be tested in more rigorous studies. Instead of focusing on
significant differences between patient groups, these studies should assess the number of
participants that can be attributed to the correct diagnostic group using specific tests. This is
common for supervised ML studies but also regression analyses. Patient-centered prediction is
an important goal, particularly in the case of high within-group heterogeneity as was observed
in our study. One interesting finding is the possible use of FTLD-CDR sub-scores to distinguish
diagnostic groups. While the FTLD-CDR total scores are commonly used to assess or control
for severity, we found indications that the FTLD-CDR sub-scores may be used to distinguish
patients with PPA from the other groups. We performed a preliminary analysis by creating a
difference score between the Language sub-score and the average of the remaining FTLD-CDR
sub-scores. A simple logistic regression resulted in a specificity and sensitivity around 0.90 to
distinguish PPA from non-PPA groups. The threshold for separation was -0.36. This may
highlight the possible use of a hierarchical framework for diagnosis. In a first step, PPAs may
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be separated from the remaining groups and in a second step using for example the repeat and
point test, verbal and visuospatial memory assessments patients with svPPA may be
distinguished from the two other PPA variants. Based on the current study it is difficult to
differentiate IvPPA and nfvPPA and pathological or neuroimaging data may be necessary.
Similarly, performing a logistic regression on a difference score between the Behavior,
comportment, & personality sub-score and the Language sub-scores to distinguish bvFTD
patients from all other groups yields a sensitivity score of 0.73 and a specificity score of 0.96
at a threshold of 0.25.

Generally, replications are necessary to prove robustness of results across different
samples. Such studies may include cohorts from other cultures (Bachli et al., 2020), apply
different clustering methods or use other neuropsychological and behavioral assessments. For
example, in the current study tests examining executive functions did not seem to have a strong
influence on clustering results. Error scores commonly showed floor effects and a combined
error score may prove more useful (Kamath et al., 2019; Kramer et al., 2003). Social functioning
was assessed in the current study using the RMET only. In contrast to previous studies (Gossink
et al., 2018) for possible differentiation of bvFTD, the current study did not find impairment on
social functioning to be specific for bvFTD. As for executive functioning, social functioning is
a complex construct, and a single assessment may not reflect social functioning impairment.
Future studies need to investigate the usefulness of other social function tasks (Dodich et al.,
2021). Further, for the distinction of svPPA from the other two PPA variants, visuospatial
memory tasks have been suggested to prove useful (D. Foxe, Irish, et al., 2021). Visuospatial
memory function was assessed in our study using the visual memory span and a figure drawing
task. Greater impairment in IVPPA/ nfvPPA compared to svPPA was partly supported but needs
further investigation. One finding that could be of interest is that nfvPPA/ IvPPA seemed to
exhibit worse performance on TMT and the Stroop task. This may be related to fluency and
processing speed and requires further investigation. Additionally, impairments on the TMT and
digit span task may be related to differences in number processing. Support for greater
impairment of number processing in IvVPPA/ nfvPPA compared to svPPA may come from a
study by Hardy et al. (2018) assessing processing of degraded speech output of number or place
words. Further, IvPPA specifically has been related to difficulties with calculation (Kamath et
al., 2020; Rohrer et al., 2010). These need to be investigated in future studies. Additionally,
exploration of differences between patient groups of the same cluster exceeded the scope of the
current research. This may be a focus of future studies and provide fine-grained insight into the

clinical phenotypes. Are there differences between diagnostic groups in joint clusters that the
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algorithm did not pick-up on?

Further, robustness of results needs to be investigated by evaluating results with respect
to correspondence to clustering results from other modalities. Is there a relationship between
clustering results found from behavioral and cognitive data and clustering results from
neuroimaging or pathological data? Coherence between different modalities would strengthen
the findings and the use of neuropsychological data as a cheaper and less invasive method.

Once selected tests have repeatedly shown usefulness for distinction of different patient
groups, clinical applicability needs to be tested. To facilitate applicability, the number of
variables should be reduced to a minimum. Additionally, the emergence of longitudinal data,
within the FTLD consortium or other patient cohorts may provide validation for the findings
and their relevance for diagnosis. Findings from longitudinal data support progression of
behavioral symptoms to differ in bvFTD and svPPA (O’Connor et al., 2016). Additionally,
differences in temporal progression of cognitive impairment was found for AD and FTD (Libon
et al.,, 2009; Xie et al., 2010). The current study focuses only on patients first assessment.
Possible correspondence of greater disease severity as observed in our study with temporal
progression of the syndromes remains to be shown.

4.3.1 Heterogeneity and severity

One major finding was that a large proportion of clustering results may be explained by
differences in overall disease severity. This was particularly true for low numbers of clusters
(i.e., k =2 or k = 3) or when more than one cluster contained a majority of participants from
the same diagnostic group. This information needs to be integrated into future studies.

Commonly, CDR, MMSE or both are used to assess clinical or cognitive disease
severity (Cerami et al., 2016; Rogalski et al., 2007; Themistocleous et al., 2021). For the use in
patient cohorts belonging to the FTD spectrum, the FTLD-CDR scale was developed by adding
two sub-scores evaluating language and behavioral impairment to the CDR scale. Based on the
findings of the current study, bvFTD patients seem to score relatively highly on the MMSE
while patients with PPA or AD score comparatively high on the (FTLD-) CDR score. This
corresponds to the conceptualization of bvFTD patients showing greater behavioral than
cognitive changes while the PPAs and AD are associated mainly with cognitive symptoms. The
MMSE was also suspected to overestimate severity in PPA patients due to reliance on language
function (Henry & Grasso, 2018; Osher et al., 2008). MMSE and CDR scale do not seem to
have a high agreement (Juva et al., 2009).

As severity may be a driving factor for the large heterogeneity between patients of the

same diagnostic groups, it is necessary that future studies include measures of severity,
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optimally of both cognitive and behavioral symptoms. Additional to the use of the MMSE and
the CDR score, a global z-score may be indicative of severity (Machulda et al., 2013). Previous
studies have shown that demographic differences such as duration since onset of the symptoms
is not a good proxy for disease severity (Fan et al., 2020; Kamath et al., 2020; Machulda et al.,
2013). In contrast to the current study, we advise that severity scores get incorporated in the
statistical analysis. Accounting for differences in severity within the analysis would have two
major advantages. Firstly, it may reduce heterogeneity within patient groups thereby facilitating
differential diagnosis. For example, as our results suggest, the hallmark of AD being memory
impairment may not be particularly apparent when not first controlling for disease severity.
Secondly, it may enhance current understanding of the syndromes across different severities.
The simplest way to incorporate severity in the analysis would be by stratification. A more
complex model was proposed by Young et al. (2018), called by the authors Subtype and Stage
Inference (SuStaln) using clustering and progression modelling of neuroimaging data from
mutation-carriers related to AD and FTD. Additionally, the inclusion of longitudinal data could
provide information about the existence of possible subtypes, or whether instead greater
severity corresponds to a later stage of the same subtype. Some studies have suggested the
existence of different cognitive profiles (O’Connor et al., 2017; Ramanan et al., 2020) or
patterns of severity (Machulda et al., 2013; Ziegler et al., 2020) within the same disorder. This
could not be supported by the current study but requires further investigation.
4.3.1.1 Preliminary Results of a Clustering Analysis Stratifying Participants Based on
Disease Severity

We propose a new data-driven approach that may result in patient stratification by
severity to allow for more detailed exploration of patient phenotypes. Stratification based on
specific cut-offs on the MMSE, FTLD-CDR or a global z-score may be rather arbitrary. Instead,
we propose a data-driven two-step clustering approach. We made use of the observation drawn
from the current study that the major factor influencing clustering results may have been disease
severity. In a first step we used the k-means clustering algorithm to group participants by
disease severity. In a second step the resulting clusters were further analyzed repeating k-means
clustering. In this way participants from various diagnostic groups may be compared across
similar disease severities. This approach may be relevant in case the sample to be analyzed does
show large variations in disease severity. Further, it is based on the hypothesis that k-means
clustering results will be highly influenced by differences in severity if those exist. In these
cases, the approach may adapt flexibly to the variables of interest and does not require an

explicit measure to approximate disease severity. This method does not aim to be a clinically
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relevant measure of severity. Instead, it aims to make exploration of participant subgroups more
straightforward by being focused on participants with similar severities. We performed a
preliminary analysis using the proposed method.

Results were similar to the previous analysis: No clear AD clusters emerged and IvPPA
and nfvPPA patients did not seem to separate in coherent ways. This further analysis proved
relevant however for the segregation of svPPA and the two other PPA variants as well as for
the segregation of PPA and bvFTD from other patient subgroups. Patterns that were previously
observed could be replicated and observed in a more consistent and understandable way.
Increasing the number of clusters to more than six in this second run analysis did not seem to
add informative value.

Concerning the separation of bvFTD from the remaining groups, relevance of
behavioral questionnaires and FTLD-CDR sub-scores could be replicated. The possible contrast
between a relatively high Language and relatively low Behavior, comportment, & personality
sub-score may be specific to bvFTD. One observation that was not made previously is the
possible usefulness of the HSPT. BVvFTD showed a tendency for a smaller percentage of correct
figures drawn, than the other patient groups. Considering that bvFTD patients did not seem to
have lower total scores on the HSPT suggests that participants with bvFTD had problems
keeping track of the figures already drawn and made repetition errors. This indicates an
executive impairment reflected also in a heightened error on the TMT. As suggested previously,
possible executive impairment of patients with bvFTD may be best characterized using an
overall error score (Kamath et al., 2019; Kramer et al., 2003).

Only clusters of patients with PPA showed bad performance on language and verbal
memory despite preserved FTLD-CDR scores. In most cases this was mirrored by a low
Language sub-score on the FTLD-CDR compared to the other sub-scores. Verbal memory but
not figural memory was impaired both while learning and during recall.

When compared to all other patient groups AD clusters seemed to show greater
impairment on measures of delayed recall than on immediate learning of a verbal task. This
was not however observed when only AD and bvFTD were compared and it is in contrast to
literature describing hippocampal-dependent memory deficits in AD to be characterized by both
encoding and retrieval problems (Ahmed et al., 2021; Hutchinson & Mathias, 2007). Memory
impairments of AD were reflected by low scores on both verbal and figural tasks. Language
specific assessments seemed relatively preserved in AD. Particularly the Cookie theft task may
be useful to differentiate AD from PPAs.

To differentiate svPPA from nfvPPA and IvPPA language assessments may not be the
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most valuable. Instead, a consistent pattern showed lower scores of nfvPPA/ IvPPA clusters on
assessments involving processing speed such as the TMT and the Stroop task. The difference
on the TMT may be particularly pronounced for the version B. Additionally, differences were
observed on both tasks of the WMS-R, the digit span and the visual memory span. Further,
greater behavioral changes in svPPA compared to nfvPPA/ IVPPA clusters were suggested by
results from the questionnaires. This was not observed in the previous analysis but is consistent
with literature suggesting behavioral changes in svPPA to be similar to seen inpatients with
bvFTD (Grossman, 2010; Harris et al., 2019; Ruksenaite et al., 2021) As previously mentioned,
a clear distinction may be made between svPPA and nfvPPA/ IvPPA clusters based on the
repeat and point task. While patients with svPPA seemed to reach considerably fewer points on
the point than on the repeat task, patients in nfvPPA/ IvPPA showed similar impairment across
both parts or in some cases showed the opposite pattern of greater impairment on the repeat
than on the point part. Further tendencies observed, although less consistent, were greater
deficits on the verbal memory assessments, the BNT, and the RMET in svPPA. This pattern
may be explained by loss of semantics. Rather than reflecting deficits in social functioning, we
hypothesize that deficits observed on the RMET may be explained by difficulties understanding
the meaning of emotion words. Further, compared to nfvPPA/ IvPPA clusters greater
impairments on the percent of correct figures of the HSPT was partly observed in svPPA. This
may be in accordance with previous studies suggesting executive impairment in participants
with svPPA (Kamath et al., 2020). However, on other measures of executive dysfunction such
as the TMT version B or the Stroop, nfvPPA/ IvPPA clusters showed greater impairment.
Additionally, the analyses all together may suggest relevance to the FTLD-CDR sub-
scores. In fact, despite rather broad and unspecific they seem to reflect well the overall pattern
of domains impaired such as Language being highly impaired in the PPAs, Memory partly more
impaired in AD and behavioral changes in bvFTD reflected by low Behavior, comportment &
personality. As a measure of severity the FTLD-CDR score may be useful within but not
necessarily between patient groups as patients with bvFTD may score comparatively low.
Results from this cluster analysis make clear that impairments on single variables are
not indicative of a specific disorder. Instead, the goal should be to establish specific within
participant patterns or contrasts to distinguish the disorders. In accordance with current
diagnostic procedures a hierarchical framework may first separate PPA from non-PPA
syndromes depending on the presence of language impairments before in a next step
distinguishing bvFTD and AD or instead svPPA from nfvPPA/ IvPPA. The current study does

not allow for conclusions concerning the distinction of nfvPPA and IvPPA. Further, it needs to
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be investigated how different disease severities observed in the current study relate to
progression of the studied syndromes. Specific impairments may be more straightforward to
interpret in the case of preserved FTLD-CDR scores. In cases of increased disease severity
instead it may be difficult to discern specific patterns of heightened impairments in some
compared to other domains.

4.3.2 ML Applications for Differential Diagnosis

Chekroud et al. (2021) summarizes the main advantages of ML applications compared
to classical statistical methods as being threefold. First, prediction is performed on the level of
the individual. Second, ML methods can easily integrate the information from a large number
of variables as well as their combined effects, even when effects of single variables contribute
only marginally. Third, ML methods may find more complex patterns in the data, that are not
linear. For implementation in the clinical setting, it is necessary for tools developed to maximize
explanatory power while at the same time remaining comparatively simple. Studies have shown
that simpler algorithms increase patient and clinician trust due to greater transparency (Grote
& Berens, 2020; Holzinger et al., 2022; Vayena et al., 2018). Additionally, while research may
investigate characteristics of specific patient groups using highly sophisticated methods such
as resting-state or functional MRI, this is not common in clinical settings. Instead, access to
neuroimaging is relatively limited and expensive. While it should be stressed that access to
neuroimaging methods is important for accurate diagnosis we here also want to stress that the
possible usefulness of neuropsychological data has not yet been exploited to its fullest.

The use of ML techniques may come to full potential with the development of
continuously larger consortium studies. Consortium studies have the advantage of exploring
patient’s characteristics on a breadth of variables and to include many patients from different
centers. A recent study demonstrated the need for relatively large sample sizes especially of test
data for supervised ML techniques. With small samples a high risk of overestimating
classification performance was noted (Flint et al., 2021). Additional to the emergence of
consortium studies, the sharing of open-source models could facilitate development and
application of ML tools for implementation in the clinics. Open-source models could spur
quality and applicability by being tested on independent datasets without the need to share the
sensible patient data (Flint et al., 2021). Lastly, “ensembling” techniques may allow to yield
more robust results by combining predictions from a variety of analyses on the same data
(Chekroud et al., 2021). In our study, ensembling was used to handle the missing data. More
commonly, ensemble techniques are used to combine results from different algorithms or using

different hyperparameter specifications.
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The use of unsupervised ML techniques in previous studies of FTD spectrum disorders
has focused on two main goals: diagnostic segregation and subgroup discovery. Diagnostic
segregation commonly focused on few groups and included either aphasic or bvFTD patients
but not both together. Studies aiming at subgroup discovery instead investigate single
diagnostic groups to find subgroups with different cognitive phenotypes (O’Connor et al., 2017;
Owens et al., 2018) or atrophy patterns (Bruun et al., 2019; Whitwell et al., 2009). Other
applications of unsupervised clustering in the clinical setting are to aid preprocessing or
compression of imaging data. A classifier may then be trained on the clustered rather than the
raw data (Li & Liu, 2018; Sampath & Saradha, 2014). Our study may indicate that the use of
k-means clustering could be broader than previously expected. It seems suitable for exploration
of data including several diagnostic groups. In this study, six different groups, including healthy
controls participants, were included. We observed relatively stable results with increasing
number of clusters, across different comparisons of patient groups and despite high levels of
missing data. Specifically, many results observed when comparing few diagnostic groups were
already seen when more groups were included in the analysis.

The use of ML is of particular interest in cases where uncertainty persists. From this
perspective differential diagnosis, as was investigated in the current study may be the most
pressing issue to be explored using ML techniques. In contrast, distinction from healthy controls
is less uncertain and may provide little additional information. Further, the investigation for
subgroups within existing diagnostic groups may be of little clinical use to date. However, this
type of research may prove relevant in the future by yielding new information about the
observed heterogeneity within diagnostic groups. One question that persists is whether clear
split diagnostic groups exist in the FTD and AD spectrum. Existence of overlap may however
not necessarily be problematic for the application of k-means clustering. In fact, a study by
Fréanti & Sieranoja (2018) suggests that overlap between groups in the data may allow for better
clustering results. In case of overlap the k-means clustering algorithm may be less likely to
stabilize on a local minimum and instead more flexibly alter between clustering solutions in the
search of a global minimum. Even in the most extreme case where no regions of increased
density or separation between groups exists but instead phenotypes from dementia syndromes
exist on a spectrum, k-means clustering may allow to simplify the data for exploration. In this
case grouping may not claim added-value for diagnosis. However, by clustering participants
that lie nearby on the dimensions assessed, interpretation of highly dimensional data may be

facilitated.

4.4 Further Considerations
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One key aspect of clustering used for data exploration is the visualization of results.
Interpretation of results is performed by a human observer and thus the information gained from
a clustering analysis may be highly dependent on appropriateness and novelty of the
visualization used (von Luxburg et al., 2012). Additionally, some authors have suggested that
clustering can only be evaluated with respect to its goal and that no “natural” kinds (von
Luxburg et al., 2012) or “true” clusters (Hennig, 2015) to be uncovered exist. In this way, the
various existing internal or external validation methods for clustering may all be insufficient
and validation of resulting clusters depends on the specific goal. Combined, these two aspects
indicate that clustering despite having the potential of being independent of labels, will be
biased by the goal pursued and the expectations of the researcher. In our study, the goal of the
clustering algorithm was differential diagnosis between FTD and AD spectrum syndromes.
Thus, visualization was highly focused on the groups that existed in the data. Validation of the
clustering results instead needs to prove by usefulness in future diagnosis or specification for
treatment options.

At this point one may question the utility of the diagnostic procedure all together.
Philosophically, categories are a human construct and no “true” grouping exists (Hennig, 2015).
Categorization may still be useful to navigate the world by simplifying it in meaningful ways.
Diagnostic utility may be particularly high in case it carries information about treatment advice.
In the case of FTD where no clear conclusions about treatment follow a diagnosis, utility may
lie in homogenizing patient groups to research possible treatments (Elahi & Miller, 2017). As
such diagnostic precision may always present a trade-off between simplifying the clinical
picture of a patient while taking into account as many details to be maximally meaningful for
treatment. This makes multimodality of the diagnostic process including pathology, atrophy
and behavioral changes important. Rather than a description of reality, diagnoses may be seen
as aiming at the most useful simplification of reality. It is thus important for researchers
investigating patient cohorts and for clinicians working on the level of the individual patients,
to regularly put diagnoses into question. It is important to recognize the large heterogeneity
within diagnostic groups and the overlap between diagnostic groups. Diagnosis may be
malleable and should be adapted when more evidence is acquired. Similarly, changes in
available treatments may also affect the usefulness of patient segregation. For example, it may
be useful to distinguish patients diagnosed with bvFTD that could profit from a treatment with
Donepezil, a drug commonly used for AD patients (Deuschl et al., 2016), and those in whom
Donepezil may lead to worsening of symptoms. A distinction of AD and bvFTD may in that

case be less meaningful. This is particularly true for FTD where the pathological process
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influencing the emergence of the FTD phenotypes is not well understood. Another aspect that
should not be underestimated is the effect a diagnosis can have for patients and caregivers. On
the one hand, they may resolve patients’ and caregivers’ questions and uncertainties, thereby
improving quality of life (Musa et al., 2020; Weder et al., 2007). On the other hand, diagnoses,
particularly if inaccurate, carry potential for social stigma (Sachdev et al., 2014; van Vliet et

al., 2013).
5 Conclusions

To summarize, using an unsupervised clustering approach we found homogeneous
grouping of patients with svPPA and bvFTD while grouping of the remaining patient groups
included was more mixed. LvPPA and nfvPPA did not seem separable based on the variables
included in the study. Overlap in neuropsychological and behavioral impairment between
diagnostic groups was large. High levels of heterogeneity within diagnostic groups were found
and partly related to differences in disease severity. A new data-driven method to stratify
patients based on severity prior to further analysis was proposed and its usefulness may be
probed in the future. Further, specific hypotheses to be tested in future studies were posited.
Companion-rated questionnaires assessing apathy, executive dysfunction and disinhibition
seemed particularly useful in the distinction of bvFTD. Semantic impairment in svPPA was
shown by low scores on both language and memory tests. NfvPPA and IvPPA patients instead
showed impairment in processing speed and short term and working memory assessments. We
maintain the relevance of neuropsychological and behavioral variables in the distinction of the
groups included in the current study. It is important that future studies keep a patient-centered
approach. By being independent from data labelling, k-means clustering may prove particularly

useful to analyze data from highly heterogeneous or unclassifiable patients.
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Appendix

The complete code of the analysis can be found in the following github repository:

https://github.com/MSontgerath/Masterthesis FTLD_Clustering

All results of the analysis can be downloaded until 29" September 2022 from the following

link: https://we.tl/t-yv7p0Pet6Q. In case this link should not be active anymore, please send an

e-mail to the following e-mail address for further information:

marie.soentgerath@studenti.unipd.it.


https://github.com/MSontgerath/Masterthesis_FTLD_Clustering
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