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Abstract 

Objective: Spontaneous language produced by aphasic individuals is challenging to quantify. We used a 

computerized tool to profile and compare spontaneous language output in canonical primary 

progressive aphasia (PPA) syndromes in relation to behavioral variant frontotemporal dementia (bvFTD) 

and healthy controls. 

Methods: We examined “last holiday” narrative speech samples from 29 speakers with semantic variant 

PPA (svPPA), 25 speakers with logopenic variant PPA (lvPPA), 34 speakers with non-fluent variant PPA 

(nfvPPA), 14 speakers with bvFTD and 20 older normal controls (NCs). We applied the Frequency in 

Language Analysis Tool which uses frequency and collocation strength measures to determine how 

common and familiar word and word combinations were in the speech samples. It also computes word 

counts, content word ratios and a measure of connected language. 

Results: Taking age into account, all dementia subtypes differed from NCs. Speakers with svPPA 

produced more familiar content words. Speakers with lvPPA produced less connected language, fewer 

and more familiar content words and more familiar word combinations. Speakers with nfvPPA produced 

fewer words over all, less connected language, fewer and more familiar content words and more familiar 

combinations. Speakers with bvFTD produced fewer words and less connected language.  Variables also 

distinguished all dementia groups from another. A machine learning classifier using these variables 

achieved 59.4% accuracy in matching samples to their diagnosis, and a 90% accuracy when classifying 

samples under NC or dementia. 

Conclusions: Automated quantification of natural language in progressive aphasia, but also non-language 

led dementia, is feasible and extracts syndromic profiles that complement those derived from standard 

neurolinguistic tests, warranting further evaluation as a candidate biomarker.  

1. Introduction 

Diagnosis of the ‘language-led dementias’ or primary progressive aphasias (PPA) commonly relies on a 

range of formal neuropsychological tests.1–3 In addition to test scores, features of spontaneous speech 

are determined through qualitative observation, but with little quantification beyond error counting. 
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However, there is considerable clinical interest in quantification of broader aspects of spontaneous 

speech production: this might not only give insight into the functional difficulties experienced by patients 

and their communication partners, but support identification of early decline in language function and 

allow highly sensitive tracking of behavior change.4–8 

Here we analyzed language samples from the three major PPA variant syndromes: semantic variant 

(svPPA), logopenic variant (lvPPA) and non-fluent variant (nfvPPA) using the Frequency in Language 

Analysis Tool (FLAT), a novel automated script for quantification of language. FLAT captureslanguage 

usage frequency not only of single words, but also word combinations. More frequent forms are easier 

to process, and speakers with svPPA and nfvPPA use more frequent words in their output.4. More 

common combinations are processed differently,9 requiring less combinatorial effort than less frequent 

or novel formulations. Previous work with our methods showed that speakers with Alzheimer’s disease5 

and stroke aphasia10,11 use more common combinations than NCs in spontaneous language production. 

FLAT also determines content word ratio and provides a measure of degree of connectedness of 

language. We compared automated language measures in PPA syndromes with measures derived from 

patients with behavioral variant frontotemporal dementia (bvFTD) as a disease control group with a 

distinct neurolinguistic phenotype,12 and with older normal control individuals (NC). 

 

2. Methods 

2.1 Hypotheses 

We hypothesized that in pairwise group comparisons each group would differ from each other on at 

least one variable. While we had expectations about specific variables and directions, such as that svPPA 

would produce more common words than NCs and that speakers with nfvPPA would produce less 

connected language, we chose bi-directional hypotheses given the novelty of the research.  

2.2 Participants and samples 

All participants were recruited and tested in London. The study was approved by the University College 

London institutional ethics committee (reference no. Q6/Q051/52) and all participants gave informed 

consent in accordance with the Declaration of Helsinki. Speech samples and MMSE scores were recorded 

on first assessment. Time points varied relative to initial diagnosis. 

We selected recorded spontaneous speech samples from the UCL PPA database, based on the following 

criteria: (1) diagnosis of one of the four canonical dementia types, or healthy older control sample, and 
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(2) sample of adequate audio quality for transcription.  Each sample was based on the participant’s 

narrative description of their last holiday. Speech samples were orthographically transcribed from the 

audio recording. In cases of portions of unclear audio or speech, an experienced clinician (R.A.V.) was 

consulted and consensus was reached. In cases of phonological errors, the target word was transcribed if 

it was recognizable on the basis of context and phonological form. If not, it was excluded. Place and 

person names were also excluded. 

The final sample set consisted of 20 NCs (mean age = 62.8, SD = 7.3; 10 female), 29 participants with 

svPPA (mean age = 64.0, SD = 7.8; 12 female), 25 participants with lvPPA (mean age = 63.3, SD = 13.6; 13 

female), 34 participants with nfvPPA (mean age = 69.9, SD = 8.4; 20 female), and 14 people with bvFTD 

(mean age = 64.4, SD = 64.4; 12 female). All patients met consensus criteria for the relevant diagnosis.1,13 

Age differed significantly across groups, χ2(4) = 13.68, p = .008 and was therefore included as a covariate 

in further analyses. The effect was driven by the nfvPPA group being significantly older than the NC and 

svPPA groups (p = .004 in both comparisons). 

2.3 Sample analysis procedure 

Samples were annotated for analysis using the Language Analysis Tool (FLAT).5,10,11 The FLAT is a 

computer program which parses any text, e.g. transcribed speech, retrieves each word, bigram (two-

word combination) and trigram (three-word combination) and looks up their usage frequency (reported 

in instances per million words) in the spoken subsection of the British National Corpus (BNC; 2007) a 10 

million word collection of normative samples from a range of communication contexts, geographical 

regions and demographic groups. Based on these values, it also computes t-scores as a measure of 

collocation strength, i.e. how often words in a combination appear together as opposed to in other 

contexts. Collocation strength is not a direct function of usage frequency: A high-frequency sentence like 

I don’t know has high collocation strength because the individual words occur together very often, but so 

does a low-frequency compound such as plate tectonics, since tectonics appears in almost no other 

context. Frequency and collocation strength are indicators of familiarity of words or word combinations, 

and these values increase in the output of people with stroke aphasia.10,11 We present these values as 

averages for words and bigrams types (as opposed to tokens), meaning that each instance of a word or 

word combination is only entered once to compute the individual’s average, ignoring repetitions of the 

respective unit.  

The FLAT also characterizes words as content words which refer to things (e.g., table), actions (e.g., 

climb) and properties (e.g., fast), or function words which include pronouns (e.g., she), articles (e.g., the) 
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and question particles (e.g. when). Measures of word frequency are restricted to content words. A 

content word ratio is computed, which characterizes the extent to which content words are replaced by 

function words such as pronouns. A “combination ratio” is also computed by dividing the number of 

trigrams by the number of words, with higher values reflecting more connected speech. In this way, the 

analysis captures both lexical change (e.g. shift to high-frequency vocabulary) and grammatical change 

(omission of function words, reliance on more familiar utterances). In line with previous investigations, 

our analysis excluded immediate word and phrase repetitions unless considered intentional e.g., very, 

very big), and also excluded ungrammatical bigrams. Previous research found that for word 

combinations, collocation strength for bigrams provided the most information.5,10 We therefore included 

bigram collocation strength only.  

To compare groups on each variable, we computed analyses of covariance with participant group as the 

independent variable, age as covariate and the language measure as dependent variable. We treated 

each of the variables word count, combination ratio, content word ratio, content word frequency and 

bigram t-score (collocation strength) as separate hypotheses and adjusted significance thresholds for 

multiple comparisons between groups. We examined the relationship between language measures and 

age, as well as MMSE scores within each group using Pearson’s r. We further tested how FLAT variables 

could be used for the classification samples by training a machine learning classifier. For this analysis we 

used a support vector machine (SVM). 

3. Results 

3.1 Group comparisons 

Table 1 displays group averages and main effects for between group comparisons with age entered as 

covariate. All independent variables yielded significant main effects in between-group comparisons. The 

biggest effect size was for combination ratio, followed by content word frequency, word count, content 

word ratio and collocation strength. Figure 1 visualizes the language profiles of the dementia subtypes in 

relation to NCs. 

For pairwise comparisons we used Bonferroni adjustments of significance threshold based on ten 

comparisons for each variable. The adjusted threshold was p < .005. For mean differences, confidence 

intervals and p values, see Appendix A. Compared to NCs, speakers with svPPA produced more familiar 

content words. Speakers with lvPPA produced language that was less connected, contained fewer and 

more familiar content words, and more familiar word combinations. Speakers with nfvPPA produced 

fewer words, less connected language, more familiar content words and more familiar combinations. 
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Speakers with bvFTD produced fewer words and less connected output. However, each dementia 

subgroup differed from each other subgroup on at least one variable (Table 2; Appendix A).



DRAFT MANUSCRIPT 
 

6 
 

Table 1. Group averages and main effects as calculated by ANCOVAs with age as covariate. Age had no significant effect. 

Variable Normal 

controls 

Semantic 

variant PPA 

Logopenic 

variant PPA 

Non-fluent 

variant PPA 

Behavioural 

variant FTD 

Main effect 

(Age as 

covariate) 

Word count 260.7  

(SD = 169) 

248.7 

(SD = 141.3) 

156.1  

(SD = 98.0) 

87.2 

(SD = 80.7) 

166.2 

(SD = 134.6) 

F(4,116) = 9.813,  

p < .001, η2 = .25 

Combination ratio .77  

(SD = .05) 

.69 

(SD = .07) 

.60 

(SD = .09) 

.43 

(SD = .18) 

.60 

(SD = .09) 

F(4,116) = 36.717, 

p < .001, η2 = .56 

Content word ratio .37 

(SD = .04) 

.33 

(SD = .04) 

.28 

(SD = .05) 

.35 

(SD = .09) 

.33 

(SD = .07) 

F(4,116) = 5.878,  

p < .001, η2 = .17 

Content word 

frequency (per 

million) 

524 

(SD = 185) 

969  

(SD = 337) 

1278  

(SD = 461) 

966  

(SD = 489) 

820  

(SD = 382) 

F(4,116) = 10.154, 

p < .001, η2 = .26 

Bigram collocation 

strength (t-scores) 

24.51 

(SD = 4.07) 

29.60 

(SD = 4.00) 

35.32 

(SD = 11.90) 

32.29 

(SD = 12.27) 

30.37 

(SD = 10.92) 

F(4,116) = 3.56,  

p = .009, η2 = .11 
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Figure 1. Radar plot visualization of language profiles of different dementia groups. Data were residualized over participant age in order to account 

for age differences, and then normalized using control means and standard deviations. The outer line in each plot represents the control mean; each 

line towards the center represents a distance of one standard deviation from the control mean. 
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Table 2. List of features which distinguished spontaneous language production between groups. Features were only included if difference between 

groups was significant at p < .005 (see Appendix A for mean differences and inferential statistics). Cells describe difference of group in the left 

column relative to the group in the top row, e.g., top left cell: speakers with semantic variant PPA produce more familiar content words than 

neurotypical speakers. PPA = primary progressive aphasia; FTD = fronto-temporal dementia. 

 Neurotypical speakers Semantic variant PPA Logopenic variant PPA Non-fluent variant 

PPA 

Behavioral variant FTD 

Semantic 

variant PPA 

Higher content word 

frequency 

- More combinations; 

Higher content word 

ratio 

Higher word count; 

More combinations 

Higher word count 

Logopenic 

variant PPA 

Fewer combinations; 

Lower content word 

ratio; Higher content 

word frequency; 

stronger collocations 

 

Fewer combinations; 

Lower content word 

ratio 

- More combinations; 

Lower content word 

ratio 

Higher content word 

frequency 

Non-fluent 

variant PPA 

Lower word count; 

Fewer combinations; 

Higher content word 

frequency; 

Stronger collocations 

Lower word count; 

Fewer combinations 

Fewer combinations; 

Higher content word 

frequency 

- Fewer combinations 

Behavioral 

variant FTD 

Lower word count; 

Fewer combinations 

Lower word count Lower content word 

ratio 

More combinations - 
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3.2 Relationship with age and MMSE 

We next investigated the relationship between language variables as generated by the FLAT and age and 

general cognitive capacities as measured using the MMSE within each dementia group. MMSE scores 

were not obtained from NCs, and were not available from all participants with dementia. We had MMSE 

scores from 24 people with svPPA, 18 people with lvPPA, 23 people with nfvPPA and 12 people with 

bvFTD. We report all effects significant at p < .05. Age was not significantly correlated with language 

variables in any group. There were some significant correlations with MMSE scores. In people with 

svPPA, participants with lower MMSE scores produced more frequent content words, r(24) = -.593, p = 

.003. We found the same relationship in the lvPPA group, r(18) = -.488, p = .04. In the bvFTD group, 

people with lower MMSE scores had a lower combination ratio, r(12) = .673, p = .016, a lower content 

word ratio, r(12) = .725, p = .008 and higher bigram collocation strength, r(12) = -.587, p = .045. MMSE 

scores did not correlate with language variables in nfvPPA. 

3.3 Machine learning classifier of dementia type 

In a final, post-hoc analysis we applied machine learning methods to determine in how FLAT data can be 

used to categorize participants into the five groups based solely on their last holiday samples. We used a 

SVM, a complementary linear classifier approach to compare the five groups based on the results of the 

FLAT analysis. The SVM classifier was trained on a subset of the dataset (80%, randomly selected) to 

categorize each individual as belonging to one of the five groups based on a linear combination of the 

five variables (word count, combination ratio, content word ratio, content word frequency, collocation 

strength). The prediction accuracy of the obtained classifier was then evaluated on the remaining 20% of 

the data set (test set), in terms of the percentage of correct prediction, and the confusion matrix. This 

procedure was then repeated five times so that each participant was in the test set once. The accuracy 

of the five tests was averaged to determine overall accuracy of the model. 

Against a chance level of 20%, the SVM classifier achieved a prediction accuracy of 59.8%. The confusion 

matrix for the model prediction is shown in Figure 2. The model was most successful in identifying NCs 

(70% correct classification), speakers with svPPA (72.4% correct) and speakers with nfvPPA (67.6% 

correct). The model’s performance was less accurate for lvPPA (52% correct), and strikingly inaccurate 

for bvFTD (14.3% correct), with 78.5% of bvFTD samples being classified as one of the PPA types. Of all 

NCs, 30% (six participants) were classified as svPPA. Six participants with dementia (10.3% of speakers 

with svPPA, 5.9% of speakers with nfvPPA, 7.1% of speakers with bvFTD) were classified as NCs. The 

confusion matrix is therefore in line with the group comparisons which showed that speakers with svPPA 
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were the group most similar to NCs. It also illustrates the large overlap between language features in 

bvFTD, as measured by FLAT, and the features of PPAs. If regarded as a detector of dementia in general 

(two categories: NCs vs. pooled dementia groups), accuracy increases to 90%, with a true positive rate of 

94% and a false positive rate of 30%. 

Figure 2. Confusion matrix based on the SVM classifier. Columns display the diagnosis on the basis of 

diagnosis. Rows show the predicted class on the basis of the five FLAT variables. Percentages represent 

the proportion of members of the true class with a given diagnosis. Beneath is a raw count of the same 

members. Prediction accuracy was measured on data on which the model had not been trained. 

 

4. Discussion 

We ran an automated analysis of spontaneous language production in healthy speakers, canonical PPAs 

and bvFTD. Group comparisons showed significant differences between all dementia groups and healthy 

speakers as well as between each dementia subtype (Table 1). In some groups, language variables 
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correlated with MMSE scores. A machine learning classifier using the output from the analysis 

categorized samples with a success rate three times better than chance.  

Current guidelines mostly limit their description of spontaneous output to reduction, grammatical 

simplification or errors. There is strong evidence for another type of simplification, namely increased use 

of common words and/or phrases. Previous research showed that speakers with svPPA and, to a lesser 

degree, speakers with nfvPPA, tend to produce more common words.4 Our data support these 

conclusions and show that this pattern also exists in lvPPA. We also saw differences in the ratio of 

content words. Speakers with svPPA had a lower content word ratio, consistent with reports of higher 

pronoun use as a sign of semantic difficulties (e.g. “it” instead of a concrete noun).4 Speakers with lvPPA 

too displayed a lower ratio, likely a result of lexical impairment. 

Moreover, we show that speakers with nfPPA and lvPPA use more familiar word combinations, 

independently of individual word frequency. According to usage-based language theories such as 

Construction Grammar,14 familiar combinations are not produced by retrieving each individual word and 

combining words using abstract grammatical rules, but by accessing holistic representations of the entire 

phrase or sentence. In many cases, word combinations may be represented as a single “word”. Holistic 

processing poses fewer demands on cognitive systems both at the lexical level, as fewer units need to be 

retrieved, and at the grammatical level, as fewer combinatorial operations need to be performed. Lexical 

and grammatical impairment should therefore result in an overuse of familiar forms (sometimes called 

“formulaic language”15), and our data suggest that this is the case for nfvPPA, primarily a grammatical 

impairment, and lvPPA, where lexical processing is primarily impaired. Similar analyses have shown that 

this is also the case for Alzheimer’s disease and focal aphasia.5,10 Overuse of formulaic language can have 

a substantial impact on communication, and therefore quality of life. A speaker who is more restricted to 

familiar sentences and phrases will find it difficult to adapt to unfamiliar situations and speak about new 

thoughts and needs.16 This is one of the ways in which language measures not only indicate cognitive 

change, but reflect how well the individual can socialize by holding conversations or consuming media.  

Formulaic language can also explain why differences in content/function word ratio were relatively small 

even between non-fluent speakers and NCs. Many strongly collocated combinations contain function 

word clusters, such as I don’t in the expression I don’t know. They make up for a substantial proportion 

of aphasic production.10 So while one striking feature of non-fluent aphasia is omission of function 

words, resulting in a “telegraphic” style, formula overuse can result in non-fluent speakers producing a 
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similar or ratio of content words than neurotypical speakers over the entire sample, as is the case in the 

current study.  

Our data also support earlier studies which found that bvFTD comes with significant changes in linguistic 

behavior.12 In our bvFTD samples, language change affected less the quality of words and word 

combinations, and rather their quantity, as speakers spoke less and produced shorter utterances. This 

reduction was roughly on a par with speakers with lvPPA, but while in the latter group this likely reflects 

impairment of linguistic representations, the linguistic profile in bvFTD may be rather explained by 

impairment to executive function and related changes to mood and social behavior. However, 

differences between bvFTD and NC groups in content word ratio and usage frequency were significant 

before correction for multiple comparisons (Appendix A), and these findings are consistent with results 

from studies of word naming and comprehension in bvFTD that also revealed lexical disruption.12 

Similarly, other differences which were close to significance thresholds may prove to be important for 

modelling language in dementia. 

In PPAs, language change is the most important indicator of disease onset and progression, at least in 

early and mid-stages. A longitudinal study may shed more light in this case. MMSE scores are another 

measure of progression, and language variables generally correlated with these. Two groups however 

stood out: in speakers with nfvPPA, none of the variables were significantly associated with MMSE 

scores, and in the bvFTD group, multiple variables were associated, including some which did not 

distinguish that group from NCs. MMSE scores are more indicative of cognitive impairment in bvFTD 

than in PPAs,17 which suggests that the differences observed in bvFTD are indeed related to executive 

dysfunction, while in speakers with PPA MMSE performance is more dependent on the language 

components of the test and the individual’s ability to understand instructions. 

Our application of a machine learning classifier was a first exploration into using FLAT as a classification 

tool. While the overall accuracy is encouraging, more work needs to be carried out to understand its 

errors and to build better models. Some errors may reflect the nature of the dementia subtypes. In 

particular, svPPA and nfvPPA has been associated with distinct language features, while lvPPA has been 

more difficult to classify, its most distinguishing feature being difficulties in sentence repetition.3 The 

model had the most difficulties with bvFTD, and it is possible that this subtype, while causing significant 

changes in language use, either has no clear language production profile at all, or has one that cannot be 

captured using the variables which were part of our design. However, errors can also be caused by small 

sample sizes. Given that the bvFTD group was the smallest of the groups, low accuracy can be the result 
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of the relatively small number of data points that were available to training the algorithm. Finally, a large 

number of NCs have been classified under svPPA. While this may reflect limitations of the model, it is 

imaginable that some speakers in this subset were at risk, or in early stages of a neurological condition. 

Future studies can explore these explanations by implementing cognitive testing for NCs, or by 

examining them longitudinally. 

At this stage however it is safer to assume in case of errors, the language analysis is at fault, and consider 

further steps for improvement. Sample sizes can be increased, other language elicitation tasks can be 

chosen and more variables included. There is to date no attempt of a full integrative language model for 

dementias which includes properties of the acoustic signal (such as prosody and speech pauses),7,18,19 

phonological, lexical and grammatical properties. A range of biographical variables can affect language 

use, and only very large databases will be able effectively explore the effects of education, socio-

economic status and gender in conjunction with age. Ultimately, the trajectory of change within an 

individual may be crucial. The most effective use of language as a marker of cognitive function may 

involve multiple measurements over an individual in conjunction a multifactorial model of language 

change in ageing. 

Our study demonstrates that for additional sensitivity of the model, language features in production 

should ideally not be coded as binary variables (e.g. “present” or “absent”), but as continuous (degree of 

deviation from typical language). The advantages of computerized tools are the speed of analysis and the 

lack of bias as no raters are involved. Recordings of a few hundred words, as used in this study, can be 

made quickly and at bedside. As transcription technology advances, computerized methods like that 

described here will become increasingly practical and widely available for clinical applications. This in 

turn would open up the potential use of such methods as biomarkers, to detect more subtle and 

ecologically relevant dysfunction of the language system and to track this over time. 
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Appendix A. Pairwise comparisons of properties of spontaneous language output, with age entered as 

covariate. Suggested Bonferroni adjustment of significance threshold due to ten comparisons for each 

variable/hypothesis: p < .005. MD = mean difference, calculated as: mean of group in the left column 

subtracted by the mean of the group in the top row. PPA = primary progressive aphasia; FTD = fronto-

temporal dementia. 

Word count Semantic variant 

PPA 

Logopenic variant 

PPA 

Non-fluent variant 

PPA 

Behavioral variant 

FTD 

Neurotypical 

controls 

MD = 12 

95% CI [-60, 83] 

p = .749 

MD = 106 

95% CI [32, 180] 

p = .006 

MD = 177 

95% CI [105, 248] 

p < .001 

MD = 145 

95% CI [59, 231] 

p = .001 

Semantic variant 

PPA 

  MD = 94.124 

95% CI [27, 162] 

p = .007 

MD = 165 

95% CI [101, 229] 

p < .001 

MD = 133 

95% CI [53, 214] 

p = 001 

Logopenic variant 

PPA 

  MD = 71 

95% CI [4, 138] 

p = .039 

MD = 40 

95% CI [-43, 122] 

p = .346 

Non-fluent variant 

PPA 

   MD = -31 

95% CI [-111, 48] 

p = .436 

 

Combination 

ratio 

Semantic variant 

PPA 

Logopenic variant 

PPA 

Non-fluent variant 

PPA 

Behavioral variant 

FTD 

Neurotypical 

controls 

MD = .08 

95% CI [.01, .14] 

p = .021 

MD = .18 

95% CI [.11, .24] 

p < .001 

MD = .35 

95% CI [.29, .41] 

p < .001 

MD = .18 

95% CI [.1, .25] 

p < .001 

Semantic variant 

PPA 

  MD = .1 

95% CI [.04, .16] 

p = .001 

MD = .27 

95% CI [.22, .33] 

p < .001 

MD = .1 

95% CI [.03, .17] 

p = 006 

Logopenic variant 

PPA 

  MD = .17 

95% CI [.11, .23] 

MD = -.001 

95% CI [-.07, .07] 
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p < .001 p = .985 

Non-fluent variant 

PPA 

   MD = -.17 

95% CI [-.24, -.1] 

p < .001 

 

Content word 

ratio 

Semantic variant 

PPA 

Logopenic variant 

PPA 

Non-fluent variant 

PPA 

Behavioral variant 

FTD 

Neurotypical 

controls 

MD = .38 

95% CI [.002, 

.075] 

p = .039 

MD = .09 

95% CI [.05, .13] 

p < .001 

MD = .03 

95% CI [-.002, .07] 

p = .065 

MD = .05 

95% CI [.003, .09] 

p = .035 

Semantic variant 

PPA 

  MD = .05 

95% CI [.02, .09] 

p = .004 

MD = -.004 

95% CI [-.04, .03] 

p = .8 

MD = .009 

95% CI [-.03, .5] 

p = .67 

Logopenic variant 

PPA 

  MD = -.06 

95% CI [-.09, -.02] 

p = .002 

MD = -.04 

95% CI [-.08, 0] 

p = .048 

Non-fluent variant 

PPA 

   MD = .01 

95% CI [-.03, .05] 

p = .525 

 

Content word 

frequency 

Semantic variant 

PPA 

Logopenic variant 

PPA 

Non-fluent variant 

PPA 

Behavioral variant 

FTD 

Neurotypical 

controls 

MD = -445 

95% CI [-677, -

214] 

p < .001 

MD = -754 

95% CI [-993, -

515] 

p < .001 

MD = -442 

95% CI [-673, -

211] 

p < .001 

MD = -296 

95% CI [-573, -

179] 

p = .037 

Semantic variant 

PPA 

  MD = -309 

95% CI [-526, -

914] 

p = .006 

MD = 3 

95% CI [-203, 210] 

p = .975 

MD = 150 

95% CI [-110, 409] 

p = .255 
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Logopenic variant 

PPA 

  MD = 312 

95% CI [96, 538] 

p = .005 

MD = 458 

95% CI [193, 724] 

p = .001 

Non-fluent variant 

PPA 

   MD = 146 

95% CI [-110, 403] 

p = .26 

 

Bigram 

collocation 

strength 

Semantic variant 

PPA 

Logopenic variant 

PPA 

Non-fluent variant 

PPA 

Behavioral variant 

FTD 

Neurotypical 

controls 

MD = -5.3 

95% CI [-11.3, .8] 

p = .085 

MD = -10.9 

95% CI [-17.1, -

4.7] 

p = .001 

MD = -9 

95% CI [-15, -3] 

p = .004 

MD = -6.1 

95% CI [-13.6, 1.1] 

p = .097 

Semantic variant 

PPA 

  MD = -5.6 

95% CI [-11.3, 0] 

p = .052 

MD = -3.8 

95% CI [-9.1, 1.6] 

p = .169 

MD = -.8 

95% CI [-7.6, 5.9] 

p = .807 

Logopenic variant 

PPA 

  MD = 1.9 

95% CI [-3.8, 7.5] 

p = .514 

MD = 4.8 

95% CI [-2.1, 11.7] 

p = .174 

Non-fluent variant 

PPA 

   MD = 2.9 

95% CI [-3.8, 9.6] 

p = .388 

 


