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Relationship between language features extracted through
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CONCLUSION: Lexical complexity metrics can serve as non-invasive linguistic indi-
cators of neurodegenerative diseases, demonstratmg d:agnostlc retevance for ea r!y

detection of AD and MC lin Slovak

KEYWORDS L : : ;
Alzhelmer‘s dlsease, lexdeal comp]exity, Iexaca! dens:ty imctcaldlversuy, m;ld cogmtwe mpawment

-i,' e

nghlights s At

- Lexical complexity metrics effect:ve!y dlfferentiate betwaen healthy controls. MC I
and AD in Slovak speakers. o % e T

. = Measures such as GTTR, UBER, and HONOR exhlbat strong dlagnostu: potential for

neurodegenerative diseases. =~ : :
* Fducation significantly mfluences 1i ngu:stlc def:cnts. with higher educatlon correlat-

: ing to reduced cognitive decline. - i o e \
* Findings underscore the importance of studymg mmonty languages for advanclng

AD and MCl diagnostics,

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial License, which permits use, distribution and reproduction in any

medium, provided the original work is properly cited and is not used for commercial purposes.
© 2025 The Author(s). Alzheimer's & Dernentia; Diagnosis, Assessment & Disease Monitoring published by Wiley Periodicals, LLC on behalf of Alzheimer's Association.

Alzhelmer's Dement. 2025;17:e70122. wileyonlfinelibrary.com/journal/dad2 ’ 1of1l

https://dol.org/10.1002/dad2. 70122



ZOZUKET AL

1 | INTRODUCTION

The World Health Organization (WHO) estimates that > 55 million
people worldwide are living with dementia, with > 60% of them resid-
ing in low- and middle-income countries, and nearly 10 million new
cases are diagnosed each year,® According to projections by Alzheimer
Europe (2019), the total number of individuals with dementia in Slo-
vakia is expected to more than double, increasing from 62,495 in 2018
to 128,986 by 2050.2 This rate of increase surpasses the broader Euro-
pean trend, primarily due to a significant rise in the population aged >
80, which is projected to double over the same period.?

Alzheimer's disease {AD) is the most commen form of dementia,
accounting for 60% to 70% of cases.! AD is characterized not only
by episodic memory deterioratian but also by changes in spontaneous
speech.? Patients with AD may exhibit a range of symptoms that
affect communication, health, and employment, which often become
apparent during everyday conversations.? These speech-related symp-
toms can provide valuable insights into an individual's language abil-
ities through spontaneous speech and discourse analysis, potentially
improving the accuracy of early disease detection,

Language impairment is a core feature of AD and other neurode-
generative disorders.” Speech and language changes in AD include
alterations in speech rate, utterances, word frequency, word-finding
difficulties, and repetitions.? Specific language impairments have been
identified in individuals with mild cognitive impairment {MCI) and
early AD, particularly in the lexical-semantic and pragmatic-discourse
domains.” Early AD and MCI patients tend to produce shorter speech
in terms of word count,? demonstrate lower lexical diversity as mea-
sured by the number of unique words,? and make a greater number
of phonological'® and semantic errors,2! At the discourse level, their
ability to construct informative and coherent narratives—such as
describing a Christmas-themed picture—is often impaired, particu-
larly In their use and interpretation of pronouns referring to people
or objects.*? Difficulties in constructing cohesive and coherent narra-
tives are also linked to mental lexicon, meaning that AD patients often
struggle to recall the words they intend to use 1315

The progression of language Impairment in AD is not uniform,
that is, lexical-semantic and pragmatic domains are typically more
affected than morpho-syntactic and phonetic-phonological domains.
Therefore, our research focuses on lexical-semantic impairments, par-
ticularly on the lexical complexity of discourse in the Slovak language.

Slovak, as an inflectional synthetic language, exhibits specific gram-
matical features, induding cumulation of the grammatical categories
of number, gender, and case in declension, as well as cumulation of the
grammatical categories of humber, person, gender, mood, and tense in
conjugation. The language is also characterized by loose word order.
Slovak uses a rich system of word forms and morphemes, Including
derivational affixes that modify word bases. Additionally, it expresses
various grammatical categories (e.g., gender, number, and case} through
a singie formal feature.16

Early detection and timely representation are the most effective
strategies for managing AD and related disorders, while efforts are

RESEARCH IN CONTEXT

i. Systematic review: Language impairment is a hallmark
symptom of Alzheimer’s disease (AD) and mild cognitive
impatrment (MCI). Prior research has largely focused on
major languages like English and Spanish, exploring lin-
guistic predictors of neurodegenerative diseases using
natural language processing (NLP) techniques. These
studies have identified changes in lexical diversity, seman-
tic complexity, and grammatical structures as significant
markers of cognitive decline. However, limited attention
has been given to minority languages such as Slovak,
which exhibit unique linguistic characteristics that may
provide novel insights into AD and MCI diagnosis.

2. Interpretation: Our study leverages NLP-derived linguis-
tic measures to analyze spontaneous speech in Slovak
speakers, distinguishing between healthy controls, MCI,
and AD groups. The findings reveal that Jexical complexity
measures such as GTTR, UBER, and HONOR—which are
independent of text length—are effective predictors of
neurodegenerative diseases. Notably, education emerged
as a significant factor influencing the manifestation of
linguistic deficits, while age and gender showed minimal
impact. This aligns with international studies emphasiz-
ing the protective role of higher education in mitigating
cognitive decline.

3. Future directions: Future research should focus on devel-
oping a classifier based on selected predictors identified
in this study to distinguish between healthy language
patterns and those exhibited by individuals with neu-
rodegenerative diseases. The creation of automated tooks
adapted to inflected languages  such as Slovak could
further improve early detection and diagnostic accuracy.

directed toward ensuring that detection methods are cost effective,
time efficient, and minimally or completely non-invasive.1”

Although AD cannot be diagnosed with 100% accuracy, it can be pre-
cisely diagnosed in up to 90% of cases based on symptom assessment
and physical examination.1® Therefore, researchers are investigating
additienal preclinical indicators of the disease. One promising way
involves identifying linguistic predictors through natural language pro-
cessing (NLP) methods, particularly by assessing language patterns and
information processing using artificial intelligence technigues, which
offer an efficient, economical, and non-invasive approach to early
detection,19-22

Our study focuses on Slovak, an inflectional language for which
research on language impairment in AD and MCI remains lim-
ited. We propose a novel approach to identify linguistic features
extracted through NLP techniques that correlate with clinically diag-
nosed AD and MCI. Furthermore, we aim to determine whether these
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linguistic features can effectively distinguish between healthy individ-
uals (healthy controls [HCs)), AD patients, and MCI patients based on
spontaneous speech and lexical complexity measures.

2 | BACKGROUND

Studies on automated detection most frequently highlight differences
in acoustic predictors, such as voice parameters, hesitations, and pause
length, as well as variations in speech production length.23-25 Reduced
speech productivity has been observed in individuals with AD26-27
and even in those with MC).28 Parameters used to assess speech
production length, including the number of words produced and the
number of elementary text units (ETUs), are incorporated into the stan-
dardized Analyza Spontinnej Refi {Analysis of Spontaneous Speech)
methodology for the Slovak language.2?

Given that the primary linguistic deficit in individuals with AD
involves lexical-semantic disruption, this impairment is also evident
in their ability to formulate and convey information, ultimately affect-
ing the informativeness of their discourse.l? Several studies support
this assumption,2”- 3 demonstrating that such deficits occur not only
in AD but also during the MCI phase.10 In the context of the Slovak lan-
guage, discourse produced by individuals with MCJ has been found to
be shorter and to contain fewer correct ETUs compared to normative
data. This is further reflected in a reduced number of total and unique
words, as well as a lower number of expressed main thematic con-
cepts. Collectively, these difficulties contribute to decreased efficiency
in discourse production.2?

To minimize variability in discourse analysis, differences are exam-
ined using a balanced dataset based on three demographic charac-
teristics: age, sex, and education.24 3132 A demographically balanced
dataset has demonstrated strong predictive performance in speech-
based AD detection; however, linguistic features alone have been
found to achieve comparable or even superior performance compared
to models that incorporate both acoustic and linguistic features.32

Eylgoz et al. 24 included predictors of lexical richness, repetition, and
syntactic and semantic complexity among 87 linguistic variables. Their
findings indicate that the most significant classification results {76%)
were obtained using only the 10 highest-rated linguistic predictors,
such as the average number of characters per word, average word fre-
guencies, and the ratio of determiners, nouns, and prepesitions, ameng
others. This suggests that linguistic variables provide more predictive
diagnostic power than acoustic variables.

In recent years, a growing body of research has focused on iden-
tifying linguistic predictors to train models capable of distinguishing
between the speech of HCs and those with neuradegenerative dis-
eases {e.g,, Fraser et al,2? Eyigoz et al.2* Lopez-de-Ipina et al, 3 and
Rentoumi et al. *). However, none of these studies have specificaily
examined inflected languages such as Slovak. Moreover, while NLP
technigues and methods are currently used for assessment, they have
not yet been applied to analyze the relationship between language
features extracted through these methods and clinically diagnosed
language impairments, as this study aims to do.

]jiagﬁé;is, Assessment I 3of11
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3 | METHOD

The most frequently used tasks for ewvaluating discourse and
detecting symptoms of neurodegenerative diseases involve pic-
ture description.?¢ Based on these considerations, we selected a
dataset consisting of transcriptions of voice recordings from pic-
ture description tasks performed by both HCs and individuals with
early-stage or ongoing neurodegenerative diseases,

The data for our study were obtained from the EWA project {Early
Warning of Alzheimer), in which 1614 participants from across Slo-
vakia took part.3” Voice recordings of participants describing specific
scenes on a mobile phone were collected and converted to text using
an automatic speech recognition {ASR) tool deveioped at the Institute
of Informatics, Slovak Academy of Sciences (SAS). The transcriptions
were subsequently manually verified for accuracy. The research sam-
ple included 64 individuals with AD, 44 individuals with MCI, and 108
HCs. To ensure a balanced dataset, the control group was created using
pairwise selection based on sex, age, and education level to match the
participants in the AD and MCI groups {Table 1), The selection of all
participants was based on four criteria: (1) normal vision and hearing,
{2) Slovak as a mother tongue, (3) no clinical history of head injury,
and (4) absence of speech disorders (except those related to the stud-
ied diagnoses). In the AD and MCI groups, diagnosis was confirmed
by a specialist (neurologist, psychiatrist, or psychologist). In the HC
group, participants were required to score at least 26 points on the
Montreal Cognitive Assessment {MoCA) standardized for the Slovak
language.3”

Our analysis is based on two assumptions: (1} individuals with AD
and MCI exhibit language impairments in speech production, primar-
ily at the lexical-semantic level, and (2) the presence of low-frequency
vocabulary items or grammatical forms in discourse indicates language
complexity in discourse (speech), likely reflecting a larger vocabulary
or a more extensive repertoire of grammatical structures,38 that is,
greater lexical and grammatical diversity corresponds to higher lexical
complexity and a lower frequency of repeated words and structures.

We define lexical complexity as a measure of word frequency and
the relationships between words in an individual's discourse, enabling
us to assess vocabulary size and grammatical range. Lexical complexity
is typically expressed in terms of lexical diversity, density, and sophis-
tication. In this study, we focus on two aspects: lexical diversity and
lexical density.

Lexical diversity refers to the use of a broad range of differ-
ent words with minimal repetition. We evaluate it using Guiraud's
root type-token ratio (GTTR), Uber index (UBER), Sichel measure
(SICHEL), measure of textual lexical diversity (MTLD), hypergeo-
metric diversity of D (HDD), Simpson's D measure {SIMPSOND),
Brunet index (BRUNET), Yule index (YULEI}, HONOR, and ENTROPY
(Table 2). Lexical density, on the other hand, measures the pro-
portion of content {lexical) words relative to the total {or unigue)
number of words, calculated using measures eg., number of
unique words/total number of words; nouns/unique words; adjec-
tives/uniqgue words; adverbs/unique words; and verbsfunique
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TABLE 1 Participants characteristics.
HC oo - T I T AD
M sD "N M 5D N M sb - N
Age 77.7 6.9 765 6.8 793 7.3
Sex
Male 39 17 18
Female &% 27 45
Education
Low 8 1 13
Middle 47 18 31
High 53 25 20

Abbreviations: AD, Alzheimer's disease; HC, healthy controls; M, median of the average age; MC!, mild cognitive impairment: SD, standard deviation.

words. The selection of these metrics was informed by research
on identifying AD using lexical features extracted from language
samples, 24293940

To compute these measures, we used NLP tools, specifically the
Stanza library for tokenization, lemmatization, and part-of-speech tag-
ging, along with Python-based tools for calculating scores across 15

lexical complexity metrics,

4 | RESEARCH QUESTIONS

We will attempt to determine to what extent the selected 15 measures
of lexical complexity are associated with neurodegenerative diseases
such as AD and MCI.

We set the following assumptions:

1. Wehypothesize that metrics of lexical complexity (15 selected) may
indicate neurodegenerative disease—AD,

2. We assume that metrics of lexical complexity (15 selected) can
serve as good indicators in the diagnosis of neurodegenerative

disease—MCI,

5 | DATA EXPLORATION

To identify associations between the 15 examined measures of lexical
complexity {diversity and density) and the corresponding neurode-
generative diseases—AD diagnosis (0/1) and MCI {0/1)—we used
non-parametric procedures (Tahles 3-5}, due to the binary character
of the variables representing the given diagnosis and identified devi-
ations from normality in the case of the examined measures of lexical
complexity (Shapiro-Wilk test: N = 216, W < 0.985, p < 0.0198).

For the variables GTTR, UBER, and HONORE_V1 (Table 3}, a statis-
tically significant large degree of negative association (Gamma < —0.5}
was identified between the relevant measures of lexical complexity
and the AD/MCI diagnosis (0/1). Similarly, for the variables ENTROPY,
adjectives/unique words, SICHEL, and MTLD (Table 3}, a statistically
significant moderate degree of negative association was identified
{Gamma < -0.3). A statistically significant small degree of nega-

tive association was identified (Gamma < —0.1} between YULEI,
adverbs/unique words, BRUNET, and HDD. On the contrary, in the
case of the variables unique words/total words and SIMPSOND
(Table 3), statistically significant, small degrees of positive associations
{Gamma > 0.1) were identified between them and the AD or MCI
diagnosis (0/1).

As the results of data exploration indicate, the selected measures
of lexical complexity show varying degrees of association with the
neurodegenerative diseases {AD and MCI). With the exception of two
measures of lexical complexity (nouns/unique words and verbs/unique
words), which do not reflect language impairment, the remaining
measures are statistically significantly associated with the neurode-
generative diseases AD or MCI.

Moreocver, the results of data exploration suggest that the neurode-
generative diseases AD or MCI are not related to age or sex but are
related to education (Table 4).

A statistically significant but small negative association was
identified (Gamma < —0.1) between education and diagnosis
{Gamma = -0.24).

The results of data exploration also reveal associations (interrela-
tionships) among metrics of lexical complexity {Table 5).

Among the measures of lexical complexity {Table 5), the maximum
degree of association was identified {Gamma < 0.7 or Gamma > —0.7),
with the exception of the following pairs: UBER and GTTR, SIMPSOND
and HDD, HONORE_V1 and GTTR/UBER, and YULEl and SIMP-
SOND/HDD, where statistically significant very large to almost perfect
positive associations, and/or negative associations (Gamma > 0.7 or

Gamma < —0.7) were achieved.

6 | RESULTS

Considering the identified deviations from normality as well as differ-
ences in the variability of the examined lexical complexity measures
(Levene test for homogeneity of variances: F > 3,107, p < 0.05)
between independent samples (diagnosis [dgnl), represented by the
relevant diagnosis (AD [2)/MCI{1]/HC [0}, non-parametricprocedures
based on rank were used (Table &).
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TABLE 2 Complexrty metrics.

Measure -
LEXICAL DIVERSITY
GTTR (Guiraud’s root TTR)

UBER {uber index)

SICHEL (Sichei measurs)

MTLD {measure of textual lexical diversity)

HDD (hypergeometric diversity of D}

SIMPSOND (Simpson D measure)

BRUNET {Brunet index}

YULEI (Yule index)

HONOR

ENTROPY

LEXJCAL DENSITY

Number of unique words/total number of words

Nsmgo:/W
Nouns/uniqtie words
NOUN/Ngpee . - - -

Adjectives/unigue words
ADJ/ N0

Adverbs/unique words
ADVNengo,
Verbs/unique words
VERB/NS,,,,Qc

Abbreviation: TTR, type —token ratio,

Calculation

4]
GITR= V—E.where
T~ number of types,
N - number of tokens
2
U= M0 \here

log(MN)—log(T)
T-number of types,

N - number of tokens,

§5=(1- ) x 100, where

T~ number of tvp&s, |

N = number of tokens.

[t measures TTR after every word of a sample until it reaches a given
value.

For each type, the probability of finding any tokens of that type at loast
ence in 3 random sample of 42 words taken from the same text Forrnula

for probabjhty pEIT

p=1- f+Lwhem al & :

f- thefrequencyafthegwen type of word, N - the number oftokens
ndn—1)

D= Z(m), where

m; - the number of tokens of i - type,

N - the total number of tokens of all types.

W = NT"* where
N - number of tokens,
T - number of types
N
= ——-m,xzm_i,,where

N - the number of tokens,
f; - the number of words that appear in the text exactly | times (word

frequency).

N .
H= ;@,where m
(3
N - number of tokens, i B T R v pai - A
T-numberoftypes, - 0 0 i0 0 LT
Nengoe— NUmMber of words with one occurrence in the text. v

E=-3, plog,p, where

T=number of types,
p; - the probability of occurrence of the i-th word in the text, caiculated as

2, where ny is the number of occurrences of the i-thword,
N - the humber of tokens.

The ratio of the number of unique and total word.

The ratio of the number of nouns and unique words

The ratio of the number of adjectives and un ique words.
The ratle of the number of adverbs and unique words

The ratio of the number of verbs and unique words.
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TABLE 3 Gamma coefficients: lexical complexity measures x dgn {AD, MCI, and HC).

Valid N Gamma F4 #value
GTTR x dgn (HC, MCI, AD) 214 —-0.52% -%.061 0.0000
UBER x dgn (HC, MC1 AD} 216 —0.58"" -10022 Q.0000
SICHEL x dgn (HC, MC!, AD} 216 —0.34* -5.938 0.0000
MTLD x dgn (HC, MCI, AD) 216 —0 34+ ~5818 0.6000
HDD x dgn (HC, MCI, AD} 216 —0.30" —5.243 0.0000
SIMPSOND x dgn {HC, MCI, AD} 215 {30 5.204 0.0000
BRUNET x dgn (HC,MC!, AD) 216 —-0.26"" —4.406 0.0000
YULEI »dgn (HC, MCi, AD) 218 —011* - —1.9462 00498
HONOCRE_V1x dgn {HC, MC!, AD) 216 -0.56% -9.663 0.0000
ENTROPY x dgn{HC, MCLAD} 216 —0.47%* —8.067 0.0000
Unigue words/total words x dgn {HC, MCI, AD) 216 0,224 3797 0.0001
Nouns/unique words x dgn {HC, MCI,AD)} 216 011 —-1866 00621
Adjectives/unique words x dgn {HC, MC|, AD) 216 -0.35" =5.994 0.0000
Adverbs/unique words % dgn (HC, MCL AD) 216 2t —-34615 00003
216 —0.05 ~0.871 0.3838

Verbs/unique words x dgn (HC, MCI, AD)
Note: diagnosis (dgn): 2= AD, 2 =MCI, 0 =HC.

Abbreviations: AD, Alzheimer's disease; HC, healthy control; MCI, mild cognitive impairment.

**p<0.001
*pn<0.01
*p<0.05.

TABLE 4 Gamma coefficients: demographic variables x dgn.

ValidN Gamma Z . " pvalue
Agexdgn(HC,MCLAD) 216 008 1383 01668
Education x dgn {HC. 214 —0.24% _ -3190 0.0014
MCLAD) - - ]
Sexx dgn (HC,MCI,AD}) 214 011 1291 0.1968

Note: diagnosis (dgn): 2= AD, 1 =MCJ,0 =HC,

Abbreviations: AD, Alzheimer's disease; HC, healthy control; MCI, mild
cognitive impairment.

***p < 0.001

*p<0.0]

*p < 0.05.

Based on the results of the Kruskal-Wallis test by ranks (Table &),
we can divide examined measures into three groups: (1) measures that
do not distinguish among HCs and AD or MCI patients (verbs/unique
words and nouns/unigue words); (2} measures that differentiate
HCs from AD or MCI patients (GTTR, UBER, HONORE_V1, unique
words/tatal words, and adjectives/unigue words); and {3) measures dif-
ferentiating between AD and MC! (SICHEL, MTLD, HDD, SIMPSOND,
BRUNET, YULEI, and ENTROPY).

The GTTR measure distinguishes well between HCs and people
suffering from neurodegenerative diseases but does not distinguish
between the diseases themselves (Kruskal-Wallis test: H = 61.37,
p=0.0000) and simflarly in the cases of unique words/total words mea-
sure (Kruskal-Wallis test: H= 17.29, p = 0.0002} and adjectives/unique
werds measure {Kruskal-Wallis test: H = 26.37, p = 0.0000).

Lexical complexity measures such as SICHEL, MTLD, HDD, SIMP-
SOND, BRUNET, adverbs/unique words, and ENTROPY have a good
distinguishing ability between HCs and AD patients, but do not differ-
entiate between HCs and MCI patients {Table 6).

On the contrary, the measure YULE! has a good distinguishing ability
between HCs and MCI patients.

The SICHEL, MTLD, HDD, SIMPSOND, BRUNET, YULEl, and
ENTROPY measures distinguish well between people suffering from
neurcdegenerative diseases, that is, between AD and MC| patients, but
do not differentiate between HCs and people with neurodegenerative

diseases.

7 | DISCUSSION

We investigated linguistic predictors characterizing lexical diversity
and density of discourse (speech) using data collected from 216 partic-
ipants across the AD, MCJ, and HC groups. Our analysis yielded several
key findings.

First, statistical analysis confirmed that the AD and MCI groups
differ significantly from the HC group in the following linguistic
measures of lexical complexity: GTTR, UBER, 5ICHEL, MTLD, HDD,
SIMPSOND, BRUNET, YULEI, HONOR, ENTROPY, unigue words/total
words, adjectives/unique words, and adverbs/unique words. Second,
a combination of these measures of lexical complexity can effectively
distinguish HCs from those with AD or MC1.

Among the evaluated metrics, UBER and HONOR_V1 proved to be
the most effective in differentiating HC from those with AD or MCL.
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TABLE 6 Muitiple comparisons of mean ranks for all groups:

{exical complexity measures x dgn.

VERB/T Valid Mean .  Mean
dan N Rank

AD 64 10520 2368
MCl1 44 10523 2359
HC 108 111.79 2435
Kruskal-Wallis test H=0.60,p = 07411

GTIR ‘Valid = Mean ‘ Meaﬁ -
dgn - N Rank

AD 64 67.70 956.65
MCI & 8791 109894
HC 108 141.06 1412.26
Kruskal-Wallis test: H = 61.37, p = 0.0000
HONOREV1  Valld  Mean ° Mean
dgn N Rank

AD 64 63.94 7729
MCcCl o 8214 .| 102,92
HC 108 142.80 152.75
Kruskal-Wallis test- H = 69 28, p = 0.000G
ADMT . Vabd  Mean - Mean
dgn .. N il Rpnicis:

AD 64 80.77 8.01
Mcl 4 - 9708 - 906
HC 108 129.59 12,19

Kruskal—Wallls test. H= 26 37, p =0.0000

Kruskal-Wallis test. H = 51.53,p=0.0000

.SICHEL " Vaiid ©. Mean " ‘Mean
dgn N R‘.'“" t‘,:-.-' &4, SEL
AD 64 6781 6225
Mcl S 44 12900 6728
HC 108 12426 6704
I(ruskal-—Waillstest H= 3873 p= 00000
HDD ' '.?" = \(alid Mean - Mean =
AD 64 7195 097
MOl o - 44 12775 098
HC 108 12231 098
Kruskai-Waﬂ:s test: H=31.34,p =0.0000
BRUNET Valld  Mean  Mesn |
dgn N o7, Rank
AD 64 7548 1821
Mci 44 13002 1894
HC 108 11930 1887 o
Krusical-Wallis test: H = 26.30,p = 0.0000 ~ < "'
ENTROPY Valld  Mean ' Mean
dgn N WRanlk_.‘_“

AD 64 6261 422
MCI 44 11527 433
HC 108 13294 435

{Continues)

TABLE 6 (Continued)
NOUN/T Valid Mean Mean
dgn N Rank
AD 64 10473 3391
Mcl 44 9369 3220
HC 108 11677 3526
Kruskal-Wallis test. H = 4,59, p = 0.1006
UBER Valid Mean Mean
dgn N Rank
AD &4 6219 1164
MCI 44 .- 8902 1531
HE 108 14388 2191
Kruskal-Wallls test: H = 74.03,p = 0.0000
viw - Valid : Mesn - Mean
dgn N Rank
AD 64 11834 52,84
Ml 44 13516 5645 .
HC 108 9181 4649
Kruskal-Waills test: H= 17.29,p=00002 *
MTD - Valld  Mean  Mean
dgn N Rank
AD &4 68.95 4375
Mcl 44 12748 6984
He 108 12412 6870
Kruskal—WalI‘stest.sté 52,p=0.0000 " -

[SIMPSOND *  Valid  Mean Mean'
AD 64 14473
MCI 44 8943 001
HE 108 9480 001
Kruskal—Wallxstest H= 30.?9,p 00000
YULE] '..; 3 Valid ‘Mean  Mean
dgn . N “‘f“* 418
AD &4 8615  26.99
Mcl 44 13545 3976
HC 108 11076
Kruskai Walllstest H=16. 51 Pp=00003
ADWT':. o --Vaﬁd -.Mea_n ' Mean
AD 64 89.66 9.95
MCI 44 10717 1129
HC 108 12020 1258

0.02

29.53

Kruskal-WafIis test H =9, 62,p (10081 b

Note o—| Hornogenous groups, that is, amang the cllnlcal groups marked
with o, there is no statistically significant difference, p > 0.05.
Abbreviations: AD, Alzheimer's disease; HC, healthy control; MC), mild

cognitive Impairment.

F2j9athiy oy papeoguaieq °z 's707 ‘szidzeeT

Aap

' UOLFIE.Y PUR 1D U3 995 “[SZ0Z/C0MDZ] e ATRIGIE HMO K211, * EDYRACIS BUERPO) - YD Ao eumEN £q ZE10L TP 01

AR HIDRILIOSY A0, 3| Gy dde ayy Ay pawaaod aw smans wo 35N J0 £ g0y Agaqe) Suing ey,



ZOZUKET AL

Dj'agﬁbéié.hssessnmn I 9of 11

< Ihsease Monitoring

UBER quantifies lexical diversity by comparing the number of words
{tokens) and unique words (types} through a logarithmic formula,
enabling a precise assessment of vocabulary changes associated with
cognitive decline. HONOR focuses on the relationship between the
total number of words, unigue words, and words that appear only once
{hapax legomena), serving as a sensitive indicator of lexical diversity.
A decline in lexical diversity and increased word rgpetitl‘on may indi-
cate word-finding difficulties and impaired executive function—both
well-documented symptoms of AD and MCI.

Our findings align with those from Kurdi,®® who examined the
impact of AD on selected lexical features and found significant
effects for BRUNET, GTTR, HDD, MTLD, SICHEL, and UBER met-
rics {p < 0.05). Additionally, Kurdi analyzed lexical density through
morphosyntactic ratios, identifying adjectives, adverbs, and verbs
as significant predictors (p < 0.03).3° Similarly, in our study, we
analyzed these ratios—exciuding prepositiocns—and found that adjec-
tivesfunique words (Gamma < —0.3) and adverbs/unique words
(Gamma < —0.1) were significant predictors.

Our results align with findings from Kothari et al., who reported
a decline in lexical diversity in AD speech® In both their study
and ours, MTLD showed significantly lower values in the AD group
{Gamma < =0.3). Furthermore, our research focused on type token-
based metrics {GTTR, UBER, and MTLD), which are independent of text
length, supporting findings from Chapin et al,, who emphasized that Iin-
guistic decline is not always evident in generic variables such as speech
length or TTR.41

Shorter speech in AD patients may explain the low significance of
noun/verb-to-unique-word ratios. Fraser et al. noted that short texts
{= 100 words) can limit the accuracy of linguistic indicators but still
provide valuable classification insights.22 In our study, the average
text length was 120 words for the HC group and 77 words for the
AD group, which may account for the non-significant noun/verb ratios
{p=0.0621, p = 0.3838, respectively).

A key finding was that AD and MClwere not related to age or sex but
were strongly associated with education. This finding supports stud-
ies from Chapin et al. and Larsson et al, which suggest that higher

education reduces the risk of AD.4142

8 | CONCLUSION

This study examined the relationship between linguistic features
extracted using NLP and clinically diagnosed AD and MCI in Slovak-
speaking individuals. Based on speech samples from 108 HCs, 64
individuals with AD, and 44 with MC, the findings confirm that sev-
eral lexical complexity metrics, such as GTTR, UBER, SICHEL, MTLD,
HDD, SIMPSOND, BRUNET, and YULE], significantly differentiate the
AD group or MCl group from the HC group. Additionally, some metrics
{e.g., SICHEL, MTLD, HDD} distinguish between AD and MCI, highlight-
ing their diagnostic relevance. These results support the hypothesis
that lexical complexity metrics can serve as non-invasive linguistic
indicators of neurodegenerative diseases.

Our two initial assumptions were confirmed: patients with AD and
MC]! exhibit language impairments in speech production at the lexical-
semantic level, resulting in less complex language characterized by
reduced lexical diversity and density in the context of the Slovak
[anguage.

These findings suggest that lexical diversity measures and word fre-
quency distribution could serve as novel linguistic biomarkers for early
detection. Compared to traditional biomarkers such as neuroimag-
ing or cerebrospinal fluid analysis, these linguistic features offer a
non-invasive, cost effective, and easily accessible alternative,

Despite the promising findings, this study has several limitations.
First, the sampie size, although balanced, is relatively small, which may
limit generalizability. Second, the study facuses exclusively on the Slo-
vak language, an inflected language, which restricts cross-linguistic
comparisans, Third, while linguistic complexity measures have been
found to be significant predictors, this study does not account for long-
term changes in speech patterns over time, which could provide deeper
insights into disease progression, Fourth, a limitation arises from the
use of picture description tasks, as participants tend to rely heavily on
exophoric demonstrative pronouns (e.g, this, that), which may affect
the analysis of linguistic features.
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Abstract: The development of artificial intelligence tools has seen an enormous growth
recently. Linguistic artificial intelligence tools are being successfully applied in the field of speech
analysis and discourse. In our study, we used automatic NLP tools to detect differences in picture
description in the discourse of people diagnosed with Alzheimer’s disease (AD), Mild Cognitive
Impairment (MCI) and healthy people. A measure of lexical diversity was used to compare
discourse complexity. Transcripts of recordings of the probands within the EWA project were
used in the study. From the multiple comparisons, we found that there is a statistically significant
difference between healthy people and people suffering from MCI and AD. Qur results indicate
that healthy people have more lexical diversity than people suffering from MCI and AD — a more
diverse vocabulary in spontaneous speech, in our case, when describing a picture.

Keywords: natural language processing, Alzheimer’s disease, spontaneous speech, picture

description, lexical diversity

1 INTRODUCTION

Nowadays, there is an increasing incidence of civilizational diseases in society
affecting the activity of the brain and its cognitive functions, including language and
speech. These diseases are included under the collective name — neurodegenerative
diseases (Buckner 2004). One of the most serious is Alzheimer*s disease (AD). The
sooner the diagnosis is made, the sooner methods and means (medicines, therapies)
can be applied, which can slow down or even stop further worsening of the condition
(Klimova et al. 2015). To determine the correct diagnosis, financially demanding
invasive methods are often used, such as MRI examinations or cerebrospinal fluid
punctures. However, the symptoms of neurodegenerative diseases are also
manifested in the manner and quality of speech of the person impaired, which can be
detected by non-invasive methods.

Speech impairment in Alzheimer’s disease primarily occurs as aresult of
a decline ‘in the semantic and pragmatic level of language processing (Ferris —
Farlow 2013). Based on the decline in the level of language processing, several
language-oriented research methods have been developed to assess the language

deficits of people with AD.
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One of these methods is the description of a picture that contains several topics
(Mueller et al. 2018). A person describes not only the objects and activities, but also
emotional states and social ties. Tasks such as describing pictures are often used in
scientific research (Lindsay-Troeger — Koenig 2021, Szatloczki et al. 2015). Lindsay
et al. (2021) used natural language processing (NLP) methods to extract specific
semantic, syntactic, and other linguistic features in healthy people and people with
AD, and based on the difference in parameters (language features), they trained
amodel that classified healthy and impaired people with AD. Frase et al. (2016)
used linguistic features to identify AD in narrative speech. They showed some
accuracy in the automatic identification of Alzheimer’s disease from short speech
discourses that were created during the picture description task and revealed
significant linguistic features of the speech of healthy and impaired individuals.
Jarrold et al. (2014) evaluated the ability of a trained classifier to diagnose dementia
subtypes based on spontaneous speech. The findings of Ahmed et al. (2013) indicate
that the level of lexical and semantic content and syntactic complexity of the
language and speech best describe or reveal the degree of language impairment.

The aim of our study is to compare healthy people and people suffering from
MCIT and AD based on the lexical diversity of their spontaneous speech discourse
when describing a picture.

The study is divided as follows: the following subsections briefly describe the state
of the art of the examined issue in Slovakia and define the concept of lexical diversity. The
second section is devoted to the research itself, in which we describe methods and
procedures. In the third section, we present the results. The research findings are interpreted
within the discussion and the final section contains the conclusion of the study.

1.1 Alzheimer’s disease research in Slovakia

The EWA! (Early Warning of Alzheimer’s) research project has been
implemented in Slovakia since 2020, the aim of which is to develop a mobile
application that would be able, from a person’s speech, to detect the presence of
early AD symptoms and other neurodegenerative diseases such as Mild Cognitive
Impairment (MCI), Parkinson’s disease and others. The MCI is the first stage of an
incipient neurodegenerative disease, where roughly 25% of cases transform into AD
within 5 years. The symptoms of MCI distinguish healthy people from people who
evince symptoms of some cognitive problems.

In the EWA project, two types of tasks involving the description of pictures are
used to record human speech. In the first type of task, the focus is on appellation of
objects or activities that are shown in the picture displayed on a mobile phone.
A person has to name what she/he sees using one single word. In the second task, the
focus is on amore complex picture description, i.e., the picture contains more

! hitps://www.projektewa.sk/
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persons, activities, objects, and relationships. Her/his task is to describe the whole
scene of the picture in as much detail as possible. As part of the project, the
participants described 65 different images, while over a thousand healthy and over
two hundred diagnosed people were recorded, and several tens of thousands of
recordings were obtained. However, in our study we will focus only on one more
complex picture and its description by a smaller sample of participants.

1.2 Lexical diversity
When cognitive functions decline, language expression or speech discourse is

simplified to so-called flat speech, in which linguistic complexity decreases. Complexity
is abasic characteristic of atext, depending on many qualitative and quantitative
parameters. The latter are the subject of NLP research, as we can determine and quantify
them using automatic NLP tools. Within language complexity, we recognize grammatical
and lexical complexity. One of the measures for assessing lexical complexity is called
lexical diversity which is the subject of our study. From the beginning, lexical diversity
(LD) was defined as a ratio of the type and token of the words TTR (Type Token Ratio)
(Templin 1957; Johnson 1944), i.e., the total number of unique words (types) is divided
by the total number of words (tokens). The closer this ratio is to 1, the greater the lexical
diversity of the text. Basically, lexical diversity is the range of unique words used in
a text or in speech relative to the overall range of the words in the given text or speech.
A larger range corresponds to a higher diversity (Baese — Berk 2021; Durén 2004). This
measure is also used as a measure of second language proficiency (Cumming et al. 2005)
or vocabulary knowledge (Zareva et al. 2005; Yu 2010), but also as a warning signal or
sign of the onset of Alzheimer‘s disease (Garrard et al. 2005; van Velzen — Garrard 2008).

Lexical diversity is calculated according to the following formula;

TTR =V/N,

where V is the number of unique words and N is the number of all words.

This measure has been proven to be the most suitable for the purposes of our
research, because TTR is the most used index of the lexical diversity of a text (Hardie

McEnery 2006).

2 METHODOLOGY

We have no knowledge that similar research has been conducted in Slovakia, expect
those mentioned previously. There exists neither research, nor study focusing on lexical
complexity as an indicator for detecting neurodegenerative diseases. Therefore, it was
necessary to determine which linguistic features (parameters) of language utterance will
be mvestigated and also to define or select participants from the EWA project.

2.1 Participants and materials
For our research, we used the database of texts obtained in the EWA project.

Although, Alzheimer‘s disease manifests itself mainly in the elderly population, in the
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EWA project, the age of 50+ was chosen as an inclusion criterion. This is due to the
fact that the project‘s task is to investigate early symptoms of the disease, which begin to
manifest themselves even at a younger age. We divided our participants into three groups—
diagnosed AD people, diagnosed MCI people, and healthy people. People diagnosed
with AD and MCI were recruited for the project from specialised medical facilities.
Healthy people were recruited through advertising media, magazine advertisements or
retirement homes. The participants were informed about the purpose of the project and
agreed to provide personal data and speech recordings for scientific purposes.

The inclusion criterion for demonstrating a cognitively healthy mind was the
achievement of a specified score in the Montreal cognitive assessment (MoCA) test.
Due to the correlation of the occurrence of AD with older age, the average age in the
AD group was up to 78 years, while in the group of healthy persons it was only 65
years. A decline in cognitive functions is a natural accompanying phenomenon of
human ageing. In order to assess the symptoms of the disease independently of age,
balanced groups with approximately the same age means were created. As a result,
we included 44 people in the AD group, 57 people in the MCI group, and 204 people

in the healthy group.

2.2 Instrument
We used a specific suitable tool from one of the libraries of the Python

programming language for the texts obtained from the probands® spontaneous
speeches. It was the Natural Language Toolkit (NLTK) library for tokenization,
lemmatization, and other tasks related to natural language processing. The
lemmatizer developed by LINDAT/CLARIN (the Czech national node of the pan-
European research infrastructure CLARIN) with the slovak-snk-ud model was
applied from this library. Statistical methods were applied to the obtained values to
determine the significance of the differences found.

3 RESULTS

Based on the Mean as well as the Mean Rank (Tab. 1), the differences in lexical
diversity between healthy people and people suffering from MCI and AD are visible

below.

Diagnosis i =D o = . LD SuLnll) of I\;;I:n
g Mean | Std.Dev. | Std.Err | -95,00% | 95,00%
Ranks Rank
AD 44 0.75 011 | 0.02 0.72 0.78 29742.00 675.95
MCI 57 0.71 0.11 0.01 0.68 0.73 32523.50 570.59
Healthy ‘
person 204 | 0.66 0.10 0.00 0.65 0.66 370649.50 447.10

Tab. 1. Lexical diversity — mean
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In the case of the AD and healthy groups (Tab. 2), we identified significant
deviations from normality based on the Shapiro-Wilk W test.

Diagnosis N \ud p

AD 44 0.98 0.50
MCI 57 0.98 0.49
Healthy person 204 0.92 0.00

Tab. 2. Shapiro-Wilk W test — results

Due to deviations from normality, we will use the non-parametric Levene test

(for homogeneity of variances) to test the equality of variances. We reject the null
hypothesis of equality of variances stating that there is no statistically significant
difference in the variances of the lexical diversity between the three examined groups

(Tab. 3).

MS Effect

MS Error

F

p

Lexical density

0.01101

0.00249

4.42221

0.01226 -

Tab. 3. Levene test — results

Due to the violation of the assumptions of normality and equality of variances,
we use the Kruskal-Wallis test to test the global null hypothesis. Based on the results
(H(2, N = 930) = 39.622, p = 0.0000) we reject the global null hypothesis at the
significance level of 0.001, which claims that there is no statistically significant
difference between the groups in lexical diversity. After rejecting the global
hypothesis, we were interested in groups between which there exists a statistically
significant difference. From the muitiple comparisons (Multiple comparisons of
mean ranks for all groups) we identified two homogeneous groups (MCI, AD) and
{Healthy persons) as well as statistically significant differences between healthy
persons and persons suffering from MCI and AD (Tab. 4).

Diagnosis LD Mean LD Mean Rank 1 2
Healthy p. 0.65808 447.10 N
MCI 0.70575 570.59 b
AD 0.75083 675.95 b
Note: **** _ Homogenous Groups, p > 0.05

4 DISCUSSION

Tab. 4. Multiple comparisons — results

Although speech impairment is a secondary symptom of AD, many studies {(e.g.
Bucks et al. 2000; Kavé — Goral 2016; Kavé — Goral 2018) have shown that the
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decline in language skills occurs relatively early in people diagnosed with
Alzheimer’s disease and can serve as a sensitive indicator of the gravity and
progression of the disease over time.

It has been shown that the level of lexical diversity is statistically significant for
assessing the health of a person’s cognitive abilities. In accordance with Kavé and
Goral (2018), we also confirmed that the ratio of type and token, in our case, unique
and all words, is significantly influenced by the total number of words in utterance.
Previous studies (e.g. Bucks et al. 2000; Kavé — Goral 2016) have found that, in
general, lexical diversity is lower within the utterance of AD sufferers than healthy
people. However, this phenomenon was not specifically confirmed in our study. We
believe it is caused by the diagnosed persons describing the picture very briefly, The
average number of words used by people diagnosed with MCI was approximately 95
words, compared to only 50 words for those diagnosed with AD. Healthy people
used an average of around 120 words, which is a statistically significant difference
compared to AD people. It resulted in the finding that the lexical diversity of people
diagnosed with AD or MCI is higher compared to healthy people. When using fewer
words, the ratio of unique words to all words increases, pointing out that a higher
value of lexical diversity in our case does not mean amore complex and rich
expression. Here is an example of a picture and the transcription of discourse of the
probands of each examined group (AD, MCI, and healthy people).
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AD: “no neviem preco tam do toho klepe ¢i biicha do toho svetla tam q ach je
chlapcek zase berie si z oného bandn ale sa mu $mykla asi stolicka neviem ¢
nespadne tam tam je este nejaké..” (37 sloy zo 64 slov)

[AD: “Well, I don’t know why he’s knocking or banging on that light over there,
and oh, there’s the boy again, he’s taking that banana from the other one, but maybe
his chair slipped, I don’t know if he will fall, there there’s another one there...’ (37

words out of 64 words)]

MCI: “no v kuchyni decko nejaké tam nieco pustil vodu voda do drezu vytekd
z drezu voda vonku vidim tu dalSie na kraji efte macku nejakii macicku a dotycny
pan rozbil bola buchol do svetla varechou a zase na kuchynskom pulte tam je nejaké
nejaky hrniec tieZ nieco vytekd vonku nejakd omdcka alebo také nieco...” (54 slov zo
106 slov)
[MCI: ‘Well, in the kitchen, a child has poured water into the sink, water is
flowing out of the sink, outside, I see another cat on the side, and the man in question
broke it, hit the light with a cooking pot, and there is a pot on the kitchen counter,
something is also leaking outside, some kind of sauce or something like that...’ (54

words out of 106 words)]

Healthy person: “chlapec stoji na stolicke natahuje sa za bandnom stolicka sa
mu prevracia asi padne z vodovodu tecie voda do umyvadla wytekd von pozerd sa
tam kociir na to zboku otec md v ruke varechu zdvihol ju cheel trafif muchu ale
rozbil lampu ktord je visiaca majit tam dve dve police jedna je otvorend polovica
dveri si tam priecky medzitym tam je flaska ktord...” (63 slov zo 138 slov)

[Healthy person: “a boy is standing on a chair, he is reaching for a banana, his
chair is tipping over, he is about to fall from the water tap, water is flowing into the
sink, it is flowing out, there is a cat looking at it from the side, the father has
a cooking pot in his hand, he raised it, he wanted to hit a fly, but he broke the lamp
that is hanging. there are two two shelves one half of the door is open there are
partitions meanwhile there is a bottle which...” (63 words out of 138 words)]

5 CONCLUSION

Investigating the complexity of human speech may benefit the automatic
detection of Alzheimer’s Disease symptoms through speech pattern analysis.
Differences at the lexical level between the speech of a person diagnosed with AD and
the speech of a healthy person can be captured and quantified. However, it is necessary
to know which lexical parameter is suitable for a specific task of speech analysis. It
was evident that the lexical diversity of AD or MCI people is higher for a short speech
utterance describing a picture, which, however, does not represent the richness of the
speech utterance. This is an interesting and scientifically significant finding,
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Abstract. Background: Alzheimer’s disease (AD) and mild cognitive im-
pairment (MCI) are increasingly prevalent neurodegenerative conditions
that impact cognitive and linguistic functions. Early detection is crucial
for timely intervention, yet traditional diagnostic methods, such as neu-
roimaging and cerebrospinal fluid analysis, are invasive and costly. This

study investigates whether linguistic markers, specifically lexical density
in spoken language, can serve as reliable, noninvasive indicators of cog-
nitive impairment. Methods: Using data from 214 participants (healthy
(CN), MCI, and AD) collected via a picture description task, we applied
natural language processing (NLP) techniques to analyze various mea-
sures lexical density (V1/W, R2, ADJ/W, ADV/W). Results: Statistical anal-
ysis revealed significant associations between certain lexical metrics and

cognitive impairment levels. Specifically, measures such as V1/W and H1

differentiated healthy participants from those with MCI, while ADJ/W
and ADV/W were particularly effective in distinguishing AD from cog-
nitively normal participants. Conclusion: These findings suggest that lin-
guistic features, related to lexical density, can provide insights into cog-
nitive health and may offer a valuable tool for early detection of AD and

MCI. Future research should explore broader linguistic metrics and ad-
ditional language tasks to enhance diagnostic accuracy and facilitate the

development of automated, speech-based screening tools.

Keywords: Lexical density, Mild cognitive impairment, Alzheimer’s dis-
ease.

1 Introduction

Alzheimer’s disease (AD) is the most common form of dementia and is expected
to affect an increasing number of people each year as life expectancy rises [1-2].
Characterized by irreversible neuronal loss, particularly in the cortex and hip-
pocampus, AD results in progressive memory impairment (or loss) and behav-
ioral changes and generally follows a preliminary stage known as mild cogni-
tive impairment (MCI) before advancing to full dementia [3-4]. Early detection
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of cognitive decline associated with MCI and AD is critical, as it can help reduce
healthcare costs and lessen the emotional impact on both individuals with AD
and MCTI and caregivers [5]. While current diagnostic techniques often rely onin-
vasive procedures, such as magnetic resonance imaging (MRI) or cerebrospinal
fluid (CSF) analysis, these methods are costly and resource-intensive.. However,
AD is associated with specific impairments (alternations) in continuous speech,
non-invasive speech and text analysis via artificial intelligence offers a promis-
ing and cost-effective diagnostic tool. From a clinical perspective AD is typically
characterized not only by structural changes in the brain and the presence of cer-
tain proteins but also by alterations in coherent (spoken) speech [6]. Speech in
people with AD is often described as “flat,” exhibiting reduced lexical diversity,
simplified syntax, and frequent repetition [7-8]. Since natural aging also affects
speech, it is essential to distinguish age-related language changes from those in-
dicating neurodegenerative diseases , taking into account demographic factors
such as age, gender, and education [9-11]. T his study aims to identify lexical pre-
dictors for detecting AD and MCI by analyzing data from 214 participants with
AD, MCI, or healthy people (CN) status through a picture description task. Lin-
guistic features we extracted from participants” speech samples and analyzed to
compare patterns across these diagnostic groups. Following a review of related
work, we present the methodology, data analysis, and results, concluding with

interpretations and future implications.

2 Related Work

Numerous studies have identified specific linguistic markers that can effectively
distinguish between healthy elder people and individuals with MCI or AD [8,
12-15]. One important linguistic marker associated with AD is lexical diversity,
which tends to be lower among individuals with the disease, often resulting in
reduced ability to communicate effectively [16]. Lexical diversity is defined as
the ratio of unique words to the total number of words in a text or speech sample,
with a higher ratio indicating greater range of vocabulary [17].

In addition to lexical diversity, lexical density is frequently examined to fur-
ther understand language characteristics. Lexical density is based on vocabu-
lary, divided into two categories — lexical (or content) words and function (or-
grammatical) words. Lexical words encompass adjectives, adverbs, nouns and
verbs, as they primarly convey the meaning of the text. In contrast, function
words, such as pronouns, conjunctions, and prepositions, which serve a gram-
matical purpose rather than contributing to the primary meaning [18]. The au-
thor [15] conducted a detailed analysis of the impact of AD on selected lexical
features representing various aspects of the lexicon, such as diversity, density,
and sophistication (Type Token Ratio, Uber Index, Entropy, etc.). The author
aimed to identify the optimal set of features and the most effective input length
to maximize the classification model’s accuracy. The findings revealed that, al-
though diversity-related metrics constituted approximately half of the top 50
features and density-related and specificity metrics despite making up less than
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10%, demonstrated superior performance, yielding higher F1 scores than di-
versity. Authors [19] explored the linguistic characteristics associated with AD
by examining differences in the usage of lexical words (nouns, verbs, and pro-
nouns) between individuals with AD and healthy people (cognitively normai,
CN) . Their results indicated that individuals with AD used significantly fewer
substantive changes than healthy (CN) people (p < 0.01). Additionally, they ob-
served, that people with AD exhibited reduced lexical diversity then CN, show-
ing an increased reliance on pronouns and diminished diversity in noun usage.

The above mention studies suggest that lexical markers may serve as effective
indicators of neurodegenerative disease symptoms. Although this topic has
received substantial attention in recent years [4-8], none of them has focused

on an inflected language, such as Slovak.

3 Methodology

A common research method for assessing language deficits in individuals with
AD or MCI involves the use of picture description tasks that feature multiple
topics [4, 8, 13, 20]. In these studies, researchers applied natural language
processing (NLP) techniques to extract specific linguistic features from the
speech of both healthy (CN). individuals and those suffering from AD and
MCT By identifying differences in these features, they trained a model - a
classifier - to categorize individuals as either healthy (CN) or people with
neurogenerative diseases. To control for variations in speech that may arise
from factors other than disease, researchers typically analyze speech outputs
using balanced dataset based on three demographic characteristics (age, gender
and education) [21-23]. Considering these factors, we selected transcriptions
from picture description tasks completed by both healthy participants (CN)
and individuals with early or progressing neurodegenerative disease for our

research.

3.1 Participants

The data for this study was sourced from the Early Warning of Alzheimer
(EWA) project [24]. Speech samples, recorded through a picture description
task, included both healthy individuals and patients diagnosed with cognitive
impairments. Participants met criteria such as being over age 50 and free from
serious psychiatric or neurological conditions, speech disorders, or severe visual
impairment. Healthy individuals scored 24 or higher on the MoCA cognitive
function test, while patient participants had a score of at least 18.

Voice recordings were transcribed using an Automatic Speech Recognition
(ASR) tool developed by the Slovak Academy of Sciences, followed by manual
review. This study analyzes responses from 107 cognitively healthy individuals,
63 with Alzheimer’s disease, and 44 with MCI, representing a balanced subset
from the larger EWA dataset of around 1,614 participants.
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3.2 Metrics

We used a suitable tool from one of the libraries of the Python programming
language for the texts obtained from the language expressions of the probands
of the individual determined groups. It was a Stanza library for tokenization,
lemmatization, and other natural language processing tasks to apply text com-
plexity measures. Subsequently, we automatically extracted 10 linguistic signs
(characteristics) from the texts, focusing mainly on lexical density: V1/W (Words
that occur only once / Total Words), V2/W (Words that occur twice / Total number of
words), H1 (Hapax diversity measure), R1 (Lexical richness measure, with hapax legom-
ena), R2 (Lexical concentracion measure, with repeated words), NOUN/W (Nouns /
Total Words), ADJ/W (Adjectives / Total Words), ADV/W (Adverbs / Total Words),

VERB/W (Verbs / Total Words).
Metrics H1, H2, R1 and R2 were calculated using formullas (1-4):

_ log(T) - 100
Hl = 0 1)

log(T) - 100
A2 == @

log(N) - 100
RL = 1-VI/N ' 3)

_ log(N) -100
RZ_—IF_VZ/N, (4)

where T — number of unique words, V1 —number of words that occur only once,
V2 — number of words that occur twice, N — number of total words.

3.3 Research Assumptions

The presented article traces the relationship between individual measures of
lexical density determined from transcriptions of audio recordings of speech
during the picture description task and the level of cognitive impairment of the
patients (dgn), while this level was marked by three categorical values, namely
(0 - CN healthy patient, 1 - MCI, and 2 - AD). As part of the experiment, the
following assumptions were made:

— Patients with mild cognitive impairment describe situations with lower lex-
ical density (measured by metrics VI/W, V2/W, H1, H2, R1, R2, NOUN/W,
ADJ/W, ADV/W, VERB/W) compared to healthy patients due to mild diffi-
culties with expressing and processing information.

— Patients with Alzheimer’s disease describe a situation with even lower lex-

ical density (measured by metrics V1/W, V2/W, H1, H2, R1, R2, NOUN/W,
ADJ/W, ADV/W, VERB/W) compared to patients with mild cognitive impair-
ment due to more serious language deficits and cognitive limitations.
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4 Results

The null hypothesis (HO) can be formulated as follows: There is no statistically
significant relationship between the selected indicators of lexical density and
the degree of cognitive disability of the patient.

Due to non-normal data distribution, as indicated by the Shapiro-Wilk test
(p < 0.05), non-parametric methods were used to assess associations between
lexical density measures (V1/W, V2/W, H1, H2, R1, R2, NOUN/W, ADJ/ W,
ADV/W, VERB/W) and the degree of cognitive impairment of the patient, non-

parametric procedures were used.
Table 1 presents the degree of association between the above-mentioned

measures and the degree of cognitive level of the respondent (dgn) in the
observed 214 samples. Significant relationships were found for V1/W, R2, ADJ/W

(p < 0.001), as well as for H1, ADV/W (p < 0.01).

Table 1: Gamma coefficients: lexical density x dgn

Metric Valid N| Gamma |Z-score | p-value
V1/W & dgn 214 10.203221*** | 3.48637 10.000490
V2/W & dgn 214 0.053228 {0.91216 |0.361683
H1 & dgn 214 | 0.145262** | 2.49158 (0.012718
H2 & dgn 214 | -0.028523 |(-0.48882|0.624968
R1 & dgn 214 | -0.064127 (-1.10081/0.270980
R2 & dgn 214 [-0.555665***-9.53960|0.000000
NOUN/W & dgn| 214 | -0.014862 |-0.25463)0.799012
ADJ/W & dgn 214 |-0.278981*+*|-4.78137|0.000002
ADV/W & dgn 214 |-0.155380** |-2.66690|0.007655
VERB/W & dgn | 214 0.074857 |1.28342 [0.199345

Note: *** - p < 0.001, ** - p < 0.01, *- p < 0.05

For further investigation, the assumption of homogeneity of variances was
verified by Levene’s test. Due to the inequality of variances (F > 1.783, p < 0.05),
non-parametric tests were subsequently chosen for the comparison of several
independent samples.

From Table 2, it can be seen that R2 can distinguish between healthy people
and people with neurodegenerative disease but cannot distinguish a specific
disease. Conversely, V1/W and H1 metrics can distinguish healthy patients from
those with mild cognitive impairment. The ability to discriminate between
healthy patients and patients with Alzheimer’s disease was demonstrated by
the proportion of adjectives to all words (ADJ/W) as well as the proportion of

adverbs to all words (ADV/W).
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Table 2: Multiple comparisons of the measure of lexical density x dgn

Metric|Valid[Sum of Ranks[MeanRank] 0 [ 1 | 2
V1/W: Kruskal-Wallis test: H(2, N = 214) = 16.67294, p = 0.0002

0 108 9915.5 91.8102 0.000272((.053241
1 44 5947.0 135.1591 10.000272 0.306096
2 62 71425 115.2016 |0.0532410.306096

H1: Kruskal-Wallis test: H(2, N = 214) = 11.92536, p = 0.0026

¢ 108 10293.5 95.3102 0.001852/0.372791
1 44 5862.0 133.2273 |0.001852 0.186970
2 62 6849.5 1104758 10.372791(0.186970

R2: Kruskal-Wallis test: H(2, N = 214) = 68.12768, p = 0.0000

0 108 15221.0 140.9352 0.¢00007| 0.000000
1 44 3901.5 88.6705 |0.000007 0.098482
2 62 3882.5 62.6210 |0.000000)0.098482

ADV/W: Kruskal-Wallis test: H(2, N = 214) = 7.080144, p = 0.0290

0 108 12407.5 114.8843 1.000000| 0.033711
1 44 5025.5 114.2159 [1.000000 0.138280
2 62 5572.0 89.8710 (0.033711(0.138280

ADJ/W: Kruskal-Wallis test: H(2, N = 214) = 16.715%, p = 0.0002

0 108 13370.5 123.8009 0.093404] 0.000202
1 44 4397.0 99.9318 10.093404 0.616234
2 62 5237.5 844758 0.000202)0.616234

5 Discussion

Our study suggests that speech lexical density serves as a significant indicator
of patient cognitive health. Specific measures of lexical density, such as the
proportion of words that occur only once (V1/W), the lexical density index based
on unique words (HI), the repetition index (R2), the proportion of adjectives
(ADJ/W) and adverbs (ADV/W), proved to be statistically significant factors
associated with cognitive impairment. These findings support the hypothesis
that alterations in language production, especially regarding lexical density
and part-of-speech selection, are associated with cognitive decline severity and
they align with existing research that has identified specific linguistic features
associated with neurodegenerative diseases, particularly AD and MCI [8,12-15,
18].
The significance of V1/W andR2 in identifying cognitive impairment sup-
ports the findings by [4], who noted that increased reliance on basic vocabulary
reflect cognitive deterioration in AD patients, particularly in narrative speech
tasks.

The findings for HI and ADV/W also align with research [1] indicating that
individuals with MCI display lower lexical density than healthy individuals,
yet higher than those with AD. This emphasizes the potential of non-invasive,
speech-based assessments in early diagnostics across languages.
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While Kurdi's study [14] found the ratios of adjectives, adverbs, and verbs
to total words significant, our results diverged by showing noun-verb ratios
as weaker predictors of AD. Our findings do align, however, with previous
research [25] that showed only adjective and adverb ratios relative to unique

words significantly differed among groups.

6 Conclusion

This experiment yielded valuable insights into the relationship between speech
lexical density and cognitive impairment, demonsirating that lexical density
metrics correlate with varying degrees of cognitive deficit. The presented study
is non-invasive, which means that the assessment of language skills takes place
without the need to interfere with the patients’ physical health. This approach
minimizes the psychological stress of testing, allowing patients to express
themselves naturally and enhancing data validity. Considering the progressive
nature of cognitive diseases such as Alzheimer’s disease, our findings could be
the basis for the development of new diagnostic methods and interventions
that could help early detection and monitoring of cognitive changes. Future
research could also explore other aspects of speech complexity for a holistic
understanding of language and thought depending on the level of cognitive

health.
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Abstract— This study investigates whether variants of the Type-Token Ratio (TTR) metric can serve as indicators of cognitive
impairment in Siovak-speaking individuals, focusing on Alzheimer’s disease (AD) and mild cognitive impairment (MCT). Speech data
were obtained from 216 participants (64 AD, 44 MCT, and 108 cognitively healthy controls) who completed a picture description task
within the Early Warning of Alzheimer (EWA) project. Audio recordings were automatically transcribed using an automatic speech
recognition system and subsequently manually verified. Using natural Ianguage processing technigues, ten lexical diversity metrics
derived from the TTR concept were automatically extracted from the resulting transcripts. The study evalnates the relationship between

these metrics and cognitive status using statistical correlation analysis and difference testing. The results show that several TTR variants
exhibit statistically significant associations

negative correlations with cognitive impairment and were able to distinguish all thr

with diagnostic categories. In particular, RTTR and CTTR demonstrated the strongest

e diagnostic groups (healthy, MCI, and AD).

Additional metrics, including YULE K, MAAS, MAASLOG, HERDANVM, and SUMMER, also showed significant relationships with
diagnosis. In contrast, HERDAN, HONORE, and MATTR did not provide statistically informative results in the analyzed dataset.

Based on correlation patterns and redundancy analysis,
of lexical diversity. From these groups, CTTR, YULE
further use in automated diagnostic systems.,
detecting cognitive decline in Slovak speech.
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the examined metrics were grouped into clusters representing similar aspects
K, and MAASLOG were identified as representative predictors saitable for
These findings support the potential of lexical diversity metrics as linguistic markers for

Type-Token Ratio variants.
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I. INTRODUCTION

Dementia is a neurodegenerative disease characterized by
the gradual decline of memory, reasoning, and language
abilities {1]. With the increasing average life expectancy, the
prevalence of dementia is also rising, curtrently affecting more
than 55 million people worldwide [2]. Alzheimer’s disease
(AD) is the most common form of dementia and is clinically
associated not only with episodic memory impairment but also
with changes in fluent (spoken) speech [3,4]. Before cognitive
impairment reaches the level of dementia, individuals often go
through a phase of subjective cognitive impairment (SCI) or
mild cognitive impairment (MCI) [3].

Effective speech production requires intact functioning of
several cognitive domains, including memory, language,
visuospatial abilitics, attention, executive functions, and

psychomotor speed [5]. Cognitive decline can therefore
manifest through subtle changes in speech patterns. As AD
progresses, it affects brain regions responsible for language,
leading to difficulties with speaking, comprehension, and word
retrieval [6,7]. Speech analysis thus emerges as a cost-effective,
non-invasive, and reliable method for detecting signs of
neurodegenerative diseases [8—111. However, changes in voice
and speech are also a natural part of aging. The key challenge
lies in distinguishing these normal age-related changes
{presbyphonia) from changes caused by pathological
neurodegenerative processes, while also taking into account
factors such as age and gender [8).

The aim of our study is to identify linguistic predictors that
may help forecast the presence of symptoms of AD or MCI.
These predictors are intended to serve as the foundation for the
development of a knowledge-based model designed to detect



signs of these conditions in speakers of a fusional language
Slovak. In addition to identifying predictors relevant for
Slovak, we also aim to compare their effectiveness with
findings from international studies. Furthermore, we examine
the sensitivity of individual predictors not only in
distinguishing cognitively impaired individuals from healthy
controls but also in differentiating between the diagnostic
categories of MCI and AD,

To achieve these objectives, we analyzed textual data
collected from 216 participants diagnosed with AD, MCI, or
cognitively normal {CN} status, through a mobile application
and 2 picture description task. From these texts, we
automatically extracted selected predictors and examined their
differences across the diagnostic groups (AD, MCI, CN),

The structure of the study is as follows: the next chapter
provides a review of relevant literature on linguistic predictors
of neurodegencrative diseases. The subsequent sections
describe the methodology, characteristics of the analyzed data,
and an overview of the selected predictors. The Results section
presents the outcomes of statistical analyses, followed by their
interpretation and final conclusions.

A. Related Work

Over the past decade, automatic analysis of speech has
emerged as a promising method for the early detection of
neurodegenerative discases. Research in this area highlights a
variety of speech-related changes associated with Alzheimer’s
disease {AD) and mild cognitive impairment (MCI) [12].

Speech is a complex physiological and neurocognitive
process, and its disruption is evident in pathological aging,
especially in aging related to neurological conditions such as
dementia [13]. The most common language deficit in
individuals with AD is lexical-semantic impairment, which
leads to reduced informativeness of speech output [14].
Linguistic markers of Alzheimer’s disease include reduced
lexical diversity and simplified syntax [15]. Decline at the
semantic level of speech expression often manifests in word-
finding difficulties, loss of comprehension, the use of
ambiguous expressions, neclogism formation, and decreased
verbal fluency [16].

One of the most commonly used methods for measuring
lexical diversity in text is the type-token ratio (TTR), which
compares the number of unique words (types) to the total
number of words (tokens) in a given text [17]. Although TTR
is among the most widely used lexical diversity metrics, it is
strongly influenced by text length [17,18]. To address this
issue, various transformations of the TTR metric have been
developed — for example, RTTR, CTTR, and GTTR [19] -
which have subsequently been used in studies comparing the
language characteristics of control groups and groups with
neurodegencrative conditions [20-22].

Other effective methods for assessing lexical diversity
include the Measure of Textual Lexical Diversity (MTLD) and
the Moving-Average Type-Token Ratic (MATTR), both
derived from the TTR metric. MTLD performs a dynamic,
sequential analysis of text segments in both directions and
estimates the average length of a segment that maintains a
predefined TTR threshold [23]. In contrast, MATTR computes
the moving-average ratio of unique words to all words within a
stiding window across the text, effectively reducing sample-
length dependency. This robustness to sample size has made

MATTR an increasingly popular and reliable measure of
lexical diversity [24-26].

These findings were confirmed by a study [27] in which the
MATTR. metric was applied, revealing significantly lower
scores among 167 patients with AD compared to healthy
individuals during a picture description task. Similar results
were observed in another study [23], where both MATTR and
MTLD were analyzed. Again, average values of these metrics
were lower in the AD group than in the control group.
Additionally, study [25] identified MATTR and pronoun-
related features as the most informative individual indicators.
On the other hand, these findings were not confirmed in specch
samples of individuals with mild forms of AD, according to
study [24].

Other lexical diversity metrics commonly used in AD
research include the Maas index, its variant Maas Log, and
indices such as Brunet and Uber. These indicators were also
proposed as extensions or alternatives to the basic TTR metric
[20,21]. Some of these measures have already been validated in
our previous studies [28,29].

Building upon prior findings, the present study focuses on
the analysis of ten selected lexical diversity metrics, which have
so far been underexplored in the context of fusional languages
such as Slovak. The aim is to determine which of these metrics
are suitable and robust for Slovak and to compare our findings
with resuits from international studies that analyzed similar
indicators in English. This approach allows us to gain important
insights into language-independent lexical predictors of
Alzheimer’s discase, which may contribute to the development
of universal models for the automatic detection of cognitive
impairment based on spoken language,

II. MATERIALS AND METHODS

The progressive decline of language abilities in Alzheimer’s
disease has led to the development of various methods for
capturing and analyzing linguistic deficits. One commonly used
method is the picture description task, which encompasses 2
wide range of linguistic phenomena [30, 31].

To avoid distortion of results due to factors such as age,
gender, or education — which may influence speech output
mdependently of the disease — researchers often use balanced
datasets when comparing groups [24, 32, 33].

A. Participants

The data for our study were obtained from the EWA project
(Early Warning of Alzheimer), in which 1,614 participants
from across Slovakia took part [34]. Voice recordings of
participants describing a Christmas-themed family scene were
collected on a mobile phone and converted to text using an
Automatic Speech Recognition (ASR) tool developed at the
Institute of Informatics, Slovak Academy of Sciences (SAS).
The transcriptions were subsequently manually verified for
accuracy. The task and scene used for eliciting speech are
described in detail in [34].

The resecarch sample included 64 individuals with
Alzheimer's discase (AD), 44 individuals with mild cognitive
impairment (MCI), and 108 healthy people (HC). To ensurc a
balanced dataset, the control group was created using pairwise
selection based on gender, age, and education level to match
the participants in the AD and MCI groups (Table 1).
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He MCI AD T — number of types,
M SD N |M 5D N | M SD N N — number of tokens.
Age 777 65 765 6.8 793 73 MAASLOG | paas106 = 60 _ chere
Gmd;zal . o s (MaasLog 1- 28
Female 69 27 46 fndex) T — number of types,
Education T = N — number of t(}léins;‘ o
L — r=1r" 1™
Midglv: 487 113 ;? (Yule's K YULEK = 10°==5-=, where
High 51 25 20 Index) N — number of tokens,
T, — the number of parts of speech that occur r-
The selection of all participants was based on four criteria: ,tlfmes m; te"i_“flength N,
1) normal vision and hearing, 2) Slovak as a mother tongue, 3) HERDANVA ~Dymber of types. N
no clinical history of head injury, and 4) absence of speech (Herdan's HERDANVM = J}:L G N) (#) _%,
disorders (except those related to the studied diagnoses). In the Vm) wiiere
AD and MCI groups, diagnosis was confirmed by a specialist N — number of tokens,
{neurologist, psychiatrist, or psychologist). In the HC group, T — number of types,
participants were required to score at least 26 points on the Ffo(, N) — the numbers of types occurring i
Montreal Cognitive Assessment (MoCA) standardized for the times in a sample of length N,
Slovak language [34]. HONORE HONORE = 100 x 22 ypere
All methods were carried out in accordance with the  (Honore’s 1-(3)
Declaration of Helsinki and relevant institutional guidclines,  Lexical N — number of tokens,
Measure)} T — number of types.

The study protocol and procedures received ethical approval
from the Ethics Committee of the Bratislava Self-Governing
Region. Written informed consent was obtained from all
participants, including consent for personal data processing,
health status reporting, and the publication of audio recordings,
as documented in [34].

B. Metrics

We applied natural language processing (NLP) tools to the
texts obtained from the speech outputs of participants in the
respective diagnostic groups, specifically using the Stanza
library for tokenization and lemmatization.

Subsequently, we automatically extracted ten linguistic
features from the texts to quantify lexical diversity (Table 2).
Given the nature of the data samples — short narrative speech
outputs generated during picture description tasks — we
prioritized metrics that exhibit minimal dependence on text

length.

TABLEII
COMPLEXITY METRICS

Measure Calculation
RTTR (Root | RTTR = < where
Type Token ol
Ratio) T — number of types,

N — number of tokens,
CTTR CTTR = TTRYN, where TTR=T/N,
(Carroll's T — number of types,
Corrected N — number of tokens.
TTR)

W

MATTR MATTR = 2227 sovere TTR=T/N,
{(Moving- w
Average T — number of types,
Type-Token N - number of tokens,
Ratic) W - number of windows (4).
HERDAN HERDAN = 22D wiere
(Logarithmic log (V)
Type/Token T — number of types,
Ratio) N — number of tokens.
SUMMER SUMMER = 1EU€T) Wore
(Summer's log (log(A))
index) T — number of types,

N — number of tokens.

The selection of these features was guided by previous
research focused on speech characteristics obscrved in
individuals with Alzheimer’s disease (AD) or mild cognitive
impairment (MCT) [20-22, 24, 25].

C. Research Questions

The presented article examines the relationship between
variations of the TTR metric cxtracted from transcriptions of
audio recordings of speech during a picture description task and
the level of cognitive impairment in patients (diagnosis). This
level was categorized into three values: (0 - healthy patient, 1 -
patient with mild cognitive impairment, and 2 - patient with
Alzheimer's discase).

The experiment aims to determine whether lexical diversity
measures can serve as indicators of cognitive status in Slovak-
speaking patients, specifically in distinguishing between
heaithy individuals, individuals with mild cognitive
impairment (MCI), and those diagnosed with Alzheimer’s
disease (AD).

We hypothesize that lexical complexity metrics based on the
dircct relationship between types and tokens — such as RTTR,
CTTR, MATTR, HERDAN, HONORE, SUMMER, MASS,
MASSLOG, YULE K, and HERDANVM — may serve as
effective predictors for detecting symptoms of AD or MCI in
Slovak-speaking individuals.

In addition to identifying the most suitable measures for the
Slovak language and the picture description task, the study also
focuses on comparing their behavior with findings from studies
conducted in English. The overarching aim is to contribute to
the ongoing discussion on the cxistence of language-
independent lexical markers, which could be universally
applicable in the detection of cognitive deficits across different

linguistic contexts.



III. RESULTS AND DISCUSSION

To identify associations between the examined text
complexity measures (RTTR, CTTR, MATTR, HERDAN,
SUMMER, MASS, MASSLOG, YULE K, HERDANVM) and
the corresponding diagnosis of AD, MCI, and CN (2/1/0), we
applied parametric procedures, as the assumptions were not
violated (Table 3).

TABLE Il
CORRELATIONS: DGN X EXAMINED VARIABLE & DIFFERENCE TEST: R
dgn x
examined
variable r 2 t P 1 2 3 4
¥
YULEK G.36%%* 0.13 5.6 0.0000 **
¥
HERDANVM  (.24%*# 0.06 3.7 0.0003 **
%
MAAS (.24%%x 0.06 37 0.0003 ¥+
**
HONORE 0.09 0.01 13 0.2053 ok
¥
HERDAN 0.00 0.00 0.1 03.9432 bl
*ak
SUMMER -0.17* 0.03 -2.6 0.0108 b
s
MATTR -0 18%* 0.03 -2.6 0.0089 b
LE]
MAASLOG 031 010 4.8 0.0000 =
*x
CTTR -0.62%¥* 038 -11,5 0.0000 -
L2
RTTR -0.63%** 040 -119 0.0000 *a

NOTE {CORRELATIONS): * - P <0.05, #* - p< (.01, ***_p < 0.001

NOTE (DIFFERENCE TEST): *¥*** . p > (.05

Table 3 presents the statistical compatison of correlations
between the aforementioned complexity measures and the
cognitive level of respondents (dgn) based on 216 observed
samples. The Difference test identified statistically significant
differences among four subgroups: (YULEK, HERDANVM,
MAAS; HONORE, HERDAN; SUMMER, MATTR,
MAASLOG; CTTR, RTTR).

Significant relationships were found for the metrics in all
groups except for HONORE and HERDAN. The highest
degree of negative association was identified for RTTR (r = -
0.63), while the highest positive association was observed for
YULEK (r =0.36). A statistically significant strong negative or
positive association (p < 0.001) was also identified for
HERDANVM, MAAS, MAASLOG, and CTTR. Similarly,
MATTR showed a statistically significant moderate negative
association (p < 0.01), and for SUMMER {p < 0.05), a
statistically significant weak negative association was found.

Based on the results presented in Table 3, statistically
significant differences can be observed between the individual
groups of lexical diversity measures in relation to diagnosis.

However, the differences within each group are minimal. This
suggests that metrics belonging to the same group (e.g., CTTR
and RTTR; SUMMER, MATTR, and MASSLOG; YULE K,
HERDANVM, and MAAS) are likely to be highly correlated
and capture similar aspects of linguistic complexity. This
conclusion is consistent with findings from study [35], in which
the authors applied hierarchical clustering to group highly
correlated features in order to reduce data dimensionality,
minimize redundancy, and enhance the interpretability of
results, Such an approach enables the selection of one
representative (prototype) feature from each cluster, thereby
reducing the risk of overfitting and improving computational
efficiency.

Given that the fourth group of metrics (HONORE and
HERDAN)}) did not show a statistically significant association
with diagnosis, it is sufficient from a practical perspective to
select three representative metrics that capture the behavior of
the statistically significant groups. This reduced set of metrics
could serve as a foundation for subsequent classification
models.

As the data analysis resulis show, the selected variations of
the TTR metric exhibit different degrees of association with
neurodegenerative diseases (AD and MCI). Next, we will
discuss the potential for distinguishing the degree of
neurodegenerative disease based on the individual metrics that
demonstrated a significant statistical relationship.

In Figure 1-3, we can observe graphs that illustrate the
relationship between the average values of each metric for a
given diagnostic category and their variance.

The YULEK, HERDANVM, and MAAS measures
effectively distinguish between healthy individuals and those
with AD, as well as between different disease conditions.
However, these measures do not differentiate between healthy
individuals and those with MCI.
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The SUMMER and MAASLOG measures, similar to the
previously mentioned metrics, are suitable for distinguishing
between healthy individuals and those with AD, as well as
between MCI and AD (Fig. 4-6). On the other hand, MATTR
is not suitable for differentiating between the groups,
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The CTTR and RTTR metrics are highly effective in
distinguishing between all three conditions (healthy, MCI, AD)
and accurately reflect the gradual decline in cognitive functions
associated with neurodegencrative disease (Fig. 7-8).
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A, Discussion

Alzheimer’s disease occurs globally, independently of
culture or language system, which motivates researchers to
search for robust linguistic indicators that can be applied across
languages. If it can be demonstrated that certain metrics behave
similarly in typologically different languages, this would
support the hypothesis of the existence of universal linguistic
markers of cognitive impairment.

A review study [9] shows that although a substantial portion
of automated Alzheimer's detection research has been
conducted in English (41%), there is a growing number of
studies utilizing speech data in other languages, such as
German, Portuguese, French, Swedish, Japanese, Hungarian,
Greek, and others. However, the authors point out that despite
the growing body of research in non-English languages, the
limited availability of data often poses a major obstacle for
independent validation.

Some approaches address the data scarcity problem in low-
resource languages by manual transiation — for example, in the
first study focused on Nepali, 2 low-resource language, where
transcripts originally in English were translated into the target
language [36]. Manual translation was chosen in order to
capture cultural and linguistic nuances relevant to the specific
language environmeni. The results showed that linguistic
patterns captured using word-statistics-based techniques
{CountVectorizer and Term Frequency-Inverse Document
Frequency, TF-IDF) were preserved after translation and could
be effectively used in classification models.

Another example is a study focusing on Indic languages
(Telugu, Tamil, and Hindi), where the authors created a pilot
muliilingual corpus based on manually translated Cookie Theft
picture descriptions from the DementiaBank database [37].
Translations were created based on original English recordings,
while preserving speech characteristics typical of individuals
with dementia (e.g., pauses, speech rate, intonation). New
recordings were then generated in the target languages and
analyzed for acoustic features using deep leaming techniques.
A baseline classification using a modem deep neural network
architecture achieved a maximum accuracy of 78% in dementia
detection on the IndicDementia dataset, confirming the
practical applicability of such approaches even in low-resource
language settings.

In contrast to translation-based approaches, study [38]
tested whether speech and lexical features originally developed

for English-speaking patients (Pitt Corpus) could be applied
directly to a Spanish-speaking population in Chile without
localization. The results showed that the models produced
reliable results for temporal speech parameters (e.g., speech
duration, pause lengths), whereas lexical indicators could not
be transferred directly without language-specific adaptation.
This difference highlights that certain linguistic features may
be language-specific and require localized adjustments.

Similar findings are presented in study [16], where the
authors conducted a multilingual analysis on data in English
and French, showing that the importance of linguistic feature
categories varied across languages, even when the same speech
task was used. The results also indicated that linguistic
impairment in AD manifests across languages. Therefore, the
authors emphasized the need to design NLP models that ensure
both explainability and generalizability, which are key
requirements for practical clinical deployment.

Building on these insights, our study focused on identifying
lexical complexity metrics capable of reliably distinguishing
the level of cognitive impairment in Slovak-speaking
individuals. We also examined to what extent these metrics are
consistent with findings from English-speaking populations
and whether they can be considered potentially language-
independent indicators.

Our results show that several TTR metric variants —
specifically RTTR, CTTR, SUMMER, MASS, MASSLOG,
YULE K, and HERDANVM — exhibited statistically
significant associations with participants’ cognitive status and
demonstrated predictive value. These results are consistent with
studies {20, 21], which confirmed the significance of these
metrics in English-language data, In contrast, the MATTR
metric did not show statistical significance in our analyses,
which is inconsistent with some previous findings [25-27].
This discrepancy may be related to the choice of sliding
window length or to morphological characteristics specific to
Slovak.

A distinctive feature of our study is that we focused
exclusively on TTR variants, all directly derived from the type-
to-token ratio, and included only those modifications that are
independent of text length (c.g., RTTR, CTTR, MAAS). The
importance of sample length in evaluating speech
characteristics was also confirmed in study [39], which is why
we excluded this parameter. Further findings from study [40]
emphasize that linguistic changes should not be measured using
general linguistic variables such as mean utterance length or
raw TTR. Instead, length-independent variants should be used,
as they enable more accurate assessment.

Based on the results, we identified three groups of metrics
that are internally highly correlated but differ from one another.
For the future development of a knowledge-based system, we
recommend selecting one representative metric from each
group. The final proposed set of representatives includes
CTTR, YULEK, and MASSLOG. A noteworthy finding is that
CTTR and RTTR were able to differentiate across all three
cognitive states (CN, MCI, AD),

Despite promising results, this study has several limitations.
First, although the dataset is balanced, its overall sample size
remains relatively small, which may limit the generalizability
of the results. Second, the study does not consider longitudinal
changes in speech, which could provide deeper insight into the
presence and progression of disease symptoms, Third, the



picture description task has certain limitations — participants
tend to overuse demonstrative pronouns {e.g., “this one,” “that
one”), which may distort the distribution of unique words and
thereby affect the values of some lexical indicators.

IV. CONCLUSION

This study focused on the statistical evaluation of ten
variants of the Type-Token Ratio (TTR) metric, which were
automatically cxtracted from short speech samples collected
during a picture description task in Slovak.

The findings indicate that seven out of ten metrics
(including RTTR, CTTR, YULE K, MAASLOG, and
SUMMER) showed a statisticaily significant association with
the level of cognitive impairment, with RTTR and CTTR
demonstrating the ability to accurately distinguish all three
diagnostic categories {CN, MCI, AD). In contrast, the
HERDAN, HONCRE, and MATTR metrics did not exhibit
significant discriminative power.

Based on correlation patterns, we identified three groups of
interrelated metrics and recommend the selection of one
represcntative metric from each group for further use —
specifically, CTTR, YULE K, and MAASLOG.

The results confirm that certain TTR modifications can
function as robust predictors of cognitive health even in the
context of a fusional language. These metrics are suitable as
input features for future classification models and may
contribute to the development of universal tools for the early
diagnosis of dementia through speech analysis.
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Abstract. Background and Objectives: Neurodegenerative diseases (ND), such
as Alzheimer’s disease (AD) and Parkinson’s disease (PD), cause progressive decline
in motor and cognitive functions. Artificial intelligence (AI) methods using features
extracted from speech represent a non-invasive and cost-effective alternative to tra-
ditional screening methods; however, the optimal selection of input features and
modeling strategies remains an open research question. The aim of this study was
to systematically evaluate combinations of linguistic and acoustic predictors and
various machine learning methods for automated classification of cognitive status
in Slovak-speaking individuals.

Methods: We analyzed speech recordings from a training set of 1,649 partic-
ipants (87 AD, 175 PD, and 1,323 cognitively normal (CN)) and a validation set
of 263 participants (59 AD, 70 PD, 134 CN), collected using a mobile applica-
tion during naming and picture description tasks. Acoustic and linguistic features
were extracted from the speech recordings using specialized software tools, auto-
matic speech recognition (ASR), and natural language processing (NLP). More
than 30,000 multilayer perceptron (MLP) models were created for five classifica-
tion schemes. Evaluation on the validation set included Fl-score, sensitivity, and
specificity.

Results: The best results were achieved for the AD vs (PD+CN) classification
scheme (F1 = 0.90; sensitivity = 0.85; specificity = 0.96) when using ASR or NLP
features from selected naming tasks. Models distinguishing (AD+PD) from CN
achieved F1 = 0.87 with balanced sensitivity (0.79-0.84) and specificity (0.87-0.94).
The AD vs PD classification reached F1 up to 0.77 using NLP features.

Discussion: The analysis showed that classification models can distinguish AD
and PD from CN with a high level of accuracy, where AD detection benefits from
linguistic and temporal features derived from picture naming tasks, while PD de-
tection benefits from acoustic features in longer spontaneous speech. The findings
support the potential of speech analysis as a scalable and non-invasive tool for early

diagnosis.

Keywords: Alzheimer’s disease, Parkinson’s disease, speech analysis, NLP, ASR,
machine learning

1 INTRODUCTION

Neurodegenerative diseases (ND), such as Alzheimer’s disease (AD) and Parkinson’s
disease (PD), represent a significant global public health problem due to their pro-
gressive impact on motor and cognitive functions. With increasing life expectancy,
the prevalence of these diseases in the population continues to rise, leading to
an urgent need for effective strategies for prevention, early diagnosis, and treat-
ment (1, 2, 3]. Therefore, the identification of early, non-invasive, and cost-effective
biomarkers is of crucial importance for clinical assessment and monitoring [4]. The
diagnosis of neurodegenerative diseases through speech and language features rep-
resents a non-invasive alternative compared to traditional screening methods, such
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as neuroimaging techniques {e.g., MRI, PET) or analysis of biological samples [5].
Several studies suggest that linguistic, acoustic, and paralinguistic speech features
change already in the early stages of neurodegenerative diseases, often before the
onset of clinically significant symptoms [6, 7, 8, 9]. Speech features, understood as
digital biomarkers, can provide valuable information about the underlying physi-
ological processes associated with speech production, which represents a complex
motor-cognitive activity [10]. These changes can be systematically quantified us-
ing natural language processing (NLP), acoustic analysis, and artificial intelligence
methods {11, 13]. Over the past decade, numerous machine learning (ML) ap-
proaches have been developed that utilize speech features for cognitive status clas-
sification [13, 12, 14, 15]. Despite significant progress in this field, it remains un-
clear which specific combinations of speech features and modeling strategies pro-
vide the most reliable results for the automated detection of neurodegenerative dis-
eases [16, 17]. A systematic review [16] highlights the heterogeneity of studies,
limited comparability of results, and the lack of standardized procedures necessary
for practical implementation. In this context, the use of a large dataset collected
within the Slovak project EWA (Early Warning of Alzheimer) represents a unique
opportunity to comprehensively evaluate different modeling strategies for automated
cognitive status classification. This study focuses on a systematic comparison of a
large number of classification models created by combining different input data
types, linguistic and acoustic predictors, and classification algorithms across five
different classification schemes. The aim is to identify configurations that achieve
the highest performance in distinguishing between healthy individuals and patients

with neurocognitive disorders (AD, PD).

2 METHODOLOGY
2.1 Participants and Data Collection

The data for this study were obtained from the EWA (Early Warning of Alzheimer)
project, which involved 1,649 participants from across Slovakia. Participant selec-
tion was based on four criteria: (1) normal hearing and vision, {2) Slovak as a native
language, (3) no history of stroke, and (4) absence of speech disorders, except for
those associated with the respective diagnosis. Diagnoses of AD and PD were de-
termined by a specialist physician (neurologist, psychiatrist, or psychologist). Only
participants who scored at least 26 points on the MoCA screening test, standard-
ized for the Slovak population, were included in the cognitively normal control group
(CN).
Within the EWA project, two versions of the application were developed — a
research application and a final application. The research application was designed
for collecting and annotating a large research dataset used for hypothesis testing and
evaluation of various speech feature processing approaches. Speech recordings were
collected while participants performed two types of tasks: picture naming tasks de-
picting objects {e.g., means of transport, tools, everyday objects) or activities (e.g.,
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ironing, phone calling, skiing, drilling), and picture description tasks containing
more complex scenes (multiple objects, characters, and activities within a shared
context). We conducted an analysis of the relevance of individual images for de-
tecting language changes associated with neurodegenerative diseases. Based on this
analysis, the number of images was reduced: from the original 60 naming images, a
set of 40 images was retained, and from the original five complex images used for
description tasks, two were retained. The reduced image set was then used in the
final version of the application.

The training dataset containing 1,649 samples and used for building classifi-
cation models in this study originates exclusively from the research version of the
application, and its detailed processing and structure were described in a previous
study [18].

The validation dataset used in this study was created using the final version of
the application during its practical deployment with the participation of specialists
and clinically confirmed diagnoses. It contains 263 samples: 59 from individuals
with AD, 70 from individuals with PD, and 134 from cognitively healthy partici-
pants. The validation dataset was created by recruiting participants whose speech
recordings were not used in the training dataset. The diagnostic procedure was con-
ducted in the same way as for the training dataset. Inclusion in the healthy control
group required a MoCA test administered under the supervision of a certified spe-
cialist, while in patients with diagnosed diseasc, the diagnosis was confirmed based
on a current medical report.

The final application allows users to complete two types of tests — a basic test
and a supplementary test. The basic test, which is the subject of this analysis,
consisted of object and activity naming tasks and the description of one complex
picture (Fig. 1).

The supplementary test included the description of another complex picture with
a different theme and tasks such as sustained vowel phonation (/a/) and syllable
repetition (/pa-ta-ka/). Since the supplementary test was optional and the number
of participants who completed it in the validation dataset was low, we decided to
analyze exclusively the results from the basic test of the final application in this

study.
2.2 Predictors and Data Representation

Multiple types of predictors were extracted from participants’ speech recordings and
their automatically generated transcripts, which served as inputs for training classi-
fication models. These predictors covered various aspects of linguistic, acoustic, and
cognitive complexity. Specialized software tools were used to extract the predictors

and organize them into thematic groups:

1. TRILL (TRIpLet Loss Network)
TRILL is a model that generates numerical voice representations (“embed-

dings”) and represents audio in such a way that segments that are temporally
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Fig. 1. “Christmas” — an image created for the EWA project to stimulate speech produc-
tion

closer are also closer in the representation space [19]. This method makes it
possible to capture various acoustic characteristics of the speech signal, such
as intonation, voicing, and dynamics, without requiring a text transcription.
In this study, TRILL representations were used as a general description of the
acoustic properties of speech, independent of language or word meaning.

2. X-~vector
X-vectors are numerical voice representations created by a model originally de-

signed for speaker recognition and speaker verification [20]. They capture stable
speaker-specific characteristics such as voice timbre, articulation style, and other
individual traits that are independent of the linguistic content of the speech [21].

3. GeMAPS (The Geneva Minimalistic Acoustic Parameter Set)
GeMAPS is a standardized set of acoustic predictors used in various areas of au-
tomatic voice analysis, including paralinguistic and clinical speech analysis [22].
It includes predictors such as mean fundamental frequency (pitch), Ioudness,
formant frequencies, harmonic-to-noise ratio, voice stability measures (jitter,
shimmer), and the duration of voiced and unvoiced segments.

4. NeuroSpeech
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NeuroSpeech is an open-source tool for speech signal analysis focused on four
key dimensions: phonation, articulation, prosedy, and intelligibility. The tool
was developed to support the diagnosis and monitoring of neurodegenerative
disorders such as Parkinson’s disease [23]. It includes predictors such as diado-
chokinetic rate (syllables per second), variability of the fundamental frequency,
and measures quantifying micro-variations in voice associated with phonation
disorders.
5. ASR (Automatic Speech Recognition)

ASR is a system for automatic speech recognition and generation of text tran-
scriptions [24]. For the audio recordings, we used a tool developed at the In-
stitute of Informatics of the Slovak Academy of Sciences, which, in addition to
speech transcription, also provides word-level time alignment and information
about word duration. Based on the temporal information obtained from ASR,
several temporal and fluency-related features were extracted, such as speech
rate, average word duration, total speaking time, total pause duration, number
of pauses, average pause duration, and indicators of word repetitions.

The output of the ASR system was therefore not only a text transcription of
speech but also a set of temporal and fluency-related characteristics that formed
a separate feature group and were used in further analysis.

6. NLP (Natural Language Processing)
NLP refers to methods of automatic text processing that were applied to the

transcriptions obtained using ASR. The aim of the NLP analysis was to extract
linguistic features describing lexical, morphological, and partially also semantic

properties of speech.

The analysis included part-of-speech tagging, lemmatization, calculation of var-
ious lexical diversity measures, and morphological pattern analysis. In naming
tasks, semantic similarity was evaluated, while in picture description tasks, vo-
cabulary usage and the occurrence of key content words were analyzed.

Each of these feature groups was used either independently or in combination
with other types of predictors. This modular approach made it possible to evaluate
the predictive power of individual feature groups as well as their synergistic effect

when combining all types of predictors.

2.3 Training of Classification Models

Model training was performed on a dataset containing 1,649 speech samples collected
using the research version of the EWA mobile application. The objective of training
the classification models was to distinguish between different cognitive states.

The training process included several binary and multiclass classification schemes:J]

e diagnosed individuals vs. healthy controls ((AD+PD) vs. CN),
e individuals with AD vs. individuals with PD (AD vs. PD),
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e individuals with AD vs. all others (AD vs. (PD+CN)),
¢ individuals with PD vs. all others (PD vs. (AD+CN)),
e and multiclass classification of cognitive status (AD vs. PD vs. CN).

Given the large number of trained models, it was necessary to select an archi-
tecture that is computationally efficient, easily scalable, and sufficiently flexible for
different types of input data. For this reason, we decided to limit the modeling ar-
chitecture to the Multilayer Perceptron (MLP), a type of neural network commonly

used for solving complex machine learning tasks.
All classification models were implemented as MLP networks in the Keras en-

vironment developed by Google. Each model consisted of dense layers with varying
numbers of neurons and activation functions (ReLU, ELU, SELU, sigmoid). The
architecture was defined as a sequential model with an input layer corresponding to
the number of predictors, one to three hidden layers, and an output layer depending
on the type of classification task.

For binary classification, the output layer consisted of a single neuron with a
sigmoid activation function. For multiclass classification (AD vs. PD vs. CN),
the softmax activation function was used. The selection of the model architecture
(number of layers, number of neurons, activation functions, and decision thresholds)

was part of the experimental combinatorial design.

2.4 Input Combinations

The classification models were created by combining multiple characteristics that
were systematically varied during the experiment, resulting in different model vari-
ants. Each model was defined as a unique combination of the following five param-

eters:

1. Task type
Models were trained either using the full set of words from the given speech

output or using only a subset of words associated with a specific image.

2. Predictor type
For each speech input, either the complete set of predictors or only selected

subsets of features were tested, as described in Section 2.2.

3. Activation function
In the case of neural networks, several nonlinear activation functions were tested

- specifically ReLU, ELU, SELU, and sigmoid — in order to evaluate their in-
fluence on the model’s ability to learn from input data. The activation function
affects how the network represents complex relationships between predictors.

4. Decision threshold
For binary classifiers, the decision threshold above which an input was assigned

to the positive class (e.g., 0.5, 0.6, 0.7) was an important parameter. By adjust-
ing this parameter, we examined its impact on model sensitivity and specificity,
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which is particularly important in clinical applications with different tolerance
levels for false positive and false negative results. For multiclass classification
models, a decision threshold was not used, since classification was based on

softmax probabilities.

9. Input data scaling
To minimize the effect of different value ranges across individual features, the
input data were normalized using various methods (e.g., StandardScaler, Min-
MaxScaler, and z-score normalization). These transformations ensured better
numerical stability and balance during model training.

This combinatorial approach made it possible to create more than 6,000 models
for each of the five classification schemes, with the total number exceeding 30,000
models. This enabled a comprehensive evaluation of the influence of different input
types, preprocessing methods, and model architectures on classification performance

across various classification tasks.

2.5 Validation and Selection of the Best Models

Model performance was evaluated on a separate validation dataset containing 263
speech samples, collected using the final version of the EWA mobile application (see

Section 2.1}, which was not used during the training process.
For each trained model, classification predictions for individual recordings were

stored, and evaluation metrics were subsequently calculated, including:

e accuracy, precision, specificity, sensitivity,

e Fl-score,
e AUC (Area Under the Receiver Operating Characteristic Curve),

e and MCC (Matthews Correlation Coefficient).

All predictions and evaluation results were recorded, including confusion matri-
ces, in order to enable a detailed post hoc analysis of classification error types.

The selection of the best-performing models was based on comparing the value of
the selected evaluation metric (F1-score) within groups of experiments. This metric
was chosen because it balances precision and sensitivity and is therefore suitable for
datasets with class imbalance or for clinical tasks where it is equally important to
minimize both false positive and false negative classifications.

3 RESULTS

This section presents the results of the best-performing model configurations for
each classification scheme. For each scheme, the top 10 models with the highest
Fl-score were selected, and the corresponding sensitivity and specificity values are

also reported.
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The tables present the basic characteristics of each model, including task type,
feature type, neural network activation function, decision threshold, and the result-
ing performance metrics. Since StandardScaler consistently proved to be the most
suitable scaling method across all best-performing models, this information is not
explicitly included in Tables 1-5.

3.1 Classification: AD vs. PD vs. CN

In the three-class (multiclass) classification task, model performance was lower com-
pared to the binary classification schemes, with the highest achieved Fl-score reach-
ing 0.70. Among the most successful configurations, models trained on the “Bigh”
task using the complete feature set (all features) were dominant.

(b!]
Table 1. Best model configurations for AD vs PD vs ON classification on the validation
dataset
# Image task Feature type Activation F1
1 bigh allfeat elu 0.70
2 bigh allfeat sigmoid  0.69
3 bigh allfeat selu 0.69
4 bigh allfeat relu 0.68
] allimg xvector sigmoid 0.68
6 allimg allfeat selu 0.67
7 hrabe nlp selu 0.67
8 allimg xvector relu 0.67
9 allimg allfeat relu 0.66
10 rake nlp sigmoid 0.66

3.2 Classification: (AD+PD) vs CN

In the binary classification between cognitively healthy individuals and patients
(AD+PD), the results were significantly better compared to the multiclass classifi-
cation scenario, with the best model achieving an F1-score of 0.87. High-performing
models were those using all image inputs (allimg) and feature types such as x-vector
features or a combination of all feature groups. Activation functions such as ReLU,
ELU, and SELU showed similar performance across the best-performing models.
Sensitivity and specificity of the top models were balanced, indicating the ability to

correctly identify both positive and negative classes.

3.3 Classification: AD vs PD

This classification scheme focused on distinguishing between AD and PD. The results
show that the best-performing models achieved Fl-scores of up to 0.77. The most
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Table 2. Best model configurations for (AD+PD) vs CN classification on the validation

dataset
# Image Feature Act. Thr. F1  Sens. Spec.
1 allimg xvector relu 0.5 087 079 094
2 allimg  allfeat selu 05 08 081 091
3 big5 allfeat sigmoid 0.7 0.86 0.81 0.90
4 bigh allfeat relu 06 08 077 095
5 allimg  alifeat elu 08 0.8 08 087
6 bigh allfeat selu 06 085 0.76 0.93
7 bigh alifeat selu 0.7 085 076 095
8 allimg allfeat elu 05 085 0381 0.89
9 allimg xvector sigmoid 0.8 0.85 0.79 091
10 rake nlp selu 05 08 079 0491

frequent inputs were derived from individual picture naming tasks, with NLP and
ASR features dominating among the predictors. Most of the best-performing models
used the sigmoid activation function. However, specificity was relatively low, which
in this case means that the models frequently misclassified participants with PD as

patients with AD.

Table 3. Best model configurations for AD vs PD classification on the validation dataset
# Image Feature Act. Thr. F1 Sens. Spec.

1 bridge nlp elu 0.5 077 09 061
2 tram nlp sigmoid 0.6 0.76 092 0.63
3 funnel nlp sigmoid 0.7 055 0.80 0.71
4  alarm clock asr sigmoid 05 075 085 0.67
5 tram asT sigmoid 06 075 0.92 0.61
6 drilling nlp sigmoid 0.6 0.75 092 061
7 acorn alp sigmoid 0.6 0.75 093 0.60
8 astronaut allfeat selu 66 074 086 0.64
9 painting nlp elu 0.6 074 0388 0.63

10 astronaut nlp sigmoid 0.6 0.74 090 (.61

8.4 Classification: AD vs (PD+CN)

When comparing AD against all other participants (PD+CN), the best-performing
models achieved very high Fl-scores, up to 0.90. The most accurate models were
those using ASR and NLP feature groups extracted from specific images such as
“road” or “scale.” ReLU and sigmoid were the most frequently used activation

functions among the best-performing models.
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Table 4. Best model configurations for AD vs (PD+CN) classification on the validation

dataset
# Image Feature Act. Thr. F1 Sens. Spec.
1 road asr relu 0.5 090 0.85 0.96
2  weighing nlp relu 0.6 081 083 0.86
3 sewing asr sigmoid 0.5 080 0.88 0.83
4 king nlp sigmoid 05 0.8 0.83 0.85
5  aquarium nlp selu 06 080 066 092
6  weighing asr sigmoid 0.5 0.80 0.78 0.87
7 tram ulp sigmoid 0.6 0.80 0.75 0.88
8  weighing asr elu 05 08 076 087
9 bridge nlp sigmoid 0.5 0.80 0.83 0.84
10  jumping asr selu 05 079 078 0.86

3.5 Classification: PD vs (AD+CN)

In this classification scheme, the models achieved F1-scores of up to 0.77, with the
best-performing configurations mainly using the complete feature set (all features)
extracted from speech recordings during the complex picture description task (Big5)
and activation functions such as ReLU, SELU, and ELU. Compared to other clas-
sification schemes, sensitivity was lower than specificity in several cases, indicating
that the detection of Parkinson’s disease was more challenging.

Table 5. Best model configurations for PD vs (AD+CN) classification on the validation

dataset,
# Image Feature Act. Thr. F1 Sens. Spec.
1 bigh allfeat relu 08 0.77 056 0.92
2 bigh allfeat relu 06 075 064 0.87
3 big5 allfeat elu 08 0.75 057 090
4 bigh allfeat elu 0.7 0.5 059 0.89
5 bigh allfeat selu 05 0.74 0.67 0.83
6 bigh allfeat selu 0.7 074 059 088
7 bigh allfeat selu 0.6 073 061 085
8 bigh allfeat eu 09 073 051 091
9 bigh allfeat selu 08 0.72 056 0.88
10 bus allfeat selu 0.7 0.72 054 0.88

A comparison of the individual classification schemes shows that models designed
to detect AD against all other participants achieved the highest performance. Sim-
ilarly robust performance was observed for models distinguishing between healthy
individuals and the patient group. In contrast, the three-class classification resulted

in lower performance scores.

Legend for the tables:
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Image task:

® allimg - model trained on features extracted from all task types (i.e., all

naming and picture description tasks).
e bigh — model trained on features extracted from the description of the com-

plex picture,
¢ [image name] (e.g., alarm clock, tram, acorn) - model trained on features

extracted only from responses to a single specific image.

Feature type:

e allfeat — model trained using all feature types.
¢ [feature type name] - model trained using only one feature group de-

scribed in Section 2.2.

4 DISCUSSION

The results showed significant differences in the performance of classification models
depending on the classification scheme, input type, and feature selection. In this
discussion, we focus on interpreting these differences and their relationship to the

characteristics of the studied diseases.

4.1 Dominance of Models for Alzheimer’s Disease Detection

The classification scheme focused on detecting Alzheimer’s disease achieved the high-
est performance (F1 = 0.90) across all tested configurations. The best-performing
models primarily used NLP and ASR features, which is consistent with expectations.
Alzbeimer’s disease is associated with reduced speech rate, increased word repeti-
tion, simplified syntactic structure, and reduced semantic content of speech (25].
These characteristics are reflected in the feature values derived from the NLP and
ASR feature groups.

Since some words appeared to be particularly important for distinguishing be-
tween groups, we attempted to analyze in more detail how participants produced
these words. The word “weighs” was among the most discriminative words, and in
participants with AD it often did not occur in isolation but was extended with the
object shown in the picture, for example “weighs an apple” or “the apple weighs.”
A similar pattern was observed for other key words such as “jumps” (*jumps over a
rope” ), “sews” {“sews on a machine”), or “aquarium” (“aquarium with fish”). This
phenomenon suggests that individuals with AD tend to deviate from the instruction
to “narme with one word” and instead extend their responses with additional details,
which may be related to reduced ability to maintain task instructions in working

memory.
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4.2 Parkinson’s Disease and Acoustic Features

In the case of Parkinson’s disease, most of the best-performing models were trained
using complete feature sets (allfeat), with acoustic features forming the dominant
component. This trend is consistent with findings from clinical practice, according
to which approximately 89% of people with PD exhibit various speech disorders,
including impairments in articulation, phonation, prosody, and intelligibility [26].
Articulation disorders in patients with Parkinson’s disease are assoclated with aber-
rant activity in the left inferior frontal cortex [27]. In more advanced stages, patients’
speech is perceived as quieter and breathy, and vocal tremor is considered a typical
sign of later disease stages [28].

The analysis of our results shows that among the most successful configurations,
models trained on predictors extracted from the “Bigh” task (complex picture de-
scription) were dominant. Such tasks provide sufficiently long speech material for
reliable extraction of relevant speech features. The results suggest that for the pur-
pose of automated PD detection, it may be beneficial to focus on the analysis of
longer spontaneous speech, where acoustic deviations become more pronounced.

4.3 Differentiation Between AD and PD: Linguistic Differences as a Key
Factor

In distinguishing between AD and PD (the “AD vs. PD” scheme), the best-
performing models were based primarily on NLP features. This is expected, as
language deterioration is more pronounced in AD, whereas PD is more associated
with articulatory and phonetic abnormalities. Examination of the best-performing
models shows that picture naming tasks were predominant, and several of them
included less frequent or more specific terms (e.g., “astronaut,” “funnel,” “acorn”).
Since it is known that low-frequency words often pose difficulties for individuals with
AD, their presence among the most successful models supports the observed results.

4.4 Multiclass Classification as the Most Challenging Task

As expected, the multiclass classification scheme (AD vs. PD vs. CN) proved to be
the most challenging, with F1-scores (Macro) lower than in the binary classification
scenarios, and the highest achieved value being 0.70. This result is natural given the
complexity of the task — when distinguishing multiple classes, the degree of overlap
between classes increases, particularly between PD and CN.

5 CONCLUSION

This study presented a large-scale experimental analysis of more than 30,000 clas-
sification models based on linguistic and acoustic features of speech from Slovak-
speaking individuals. The aim was to identify optimal combinations of inputs,
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features, and model configurations for the automated detection of neurocognitive
disorders.

The resulis of this study confirm that speech analysis using linguistic and acous-
tic features in combination with machine learning methods represents a promising
tool for supporting the diagnosis of neurodegenerative discases. The highest per-
formance was achieved by models focused on the detection of Alzheimer’s disease,
particularly those using NLP and ASR features. Differentiation between AD and
PD was successful mainly due to differences in language production, while multiclass

classification proved to be the least successful.
Our findings indicate that an optimized selection of task type, feature groups,

and model parameters can significantly improve the accuracy of automated cognitive
status classification.

5.1 Limitations of the Study

Although this study provides a large-scale analysis of a substantial number of models
and input combinations, several limitations should be considered:

1. Lack of representation of all disease stages — The dataset included par-
ticipants with clinically confirmed diagnoses of AD or PD but did not capture
detailed differentiation according to disease stage, which may affect the gener-
alizability of the models.

2. Language and cultural specificity — The data were collected exclusively from
Slovak-speaking participants, which may limit the transferability of the models
to other languages.

3. Task type limitations — The analysis was based on predefined naming and
picture description tasks; therefore, the results may not fully generalize to spon-
taneous conversational speech.

4. Technical factors in dat_a collection - Differences in recording quality, record-JJ
ing devices, and recording environments may have influenced the extraction of
acoustic features.

5. Single model architecture — The study was intentionally limited to multilayer
perceptron (MLP) neural networks, which does not allow direct comparison with
other architectures such as CNN or RNN.

These limitations highlight the need for further validation, ideally on larger and
linguistically diverse datasets and using multiple task types and model architectures.
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