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Abstract

This study examines the influence of task type and healthy aging on various automatically extracted part-of-speech
features in Icelandic. We administered three language tasks to participants aged 60–80: picture description, trip
planning, and description of one’s childhood home. Our findings reveal significant task effects on 11 out of 14
linguistic variables studied, highlighting the substantial influence of sampling methods on language production.
Among the variables showing statistically significant task effects, we find the rate of the genitive and subjunctive,
variables which can only be studied in morphologically richer languages like Icelandic. On the other hand, rates
of pronouns, adverbs, and prepositions remained stable across task types. Aging effects were more subtle, being
evident in 3 of the 14 variables, including an interaction with task type for dative case marking. These findings
underscore the significance of task selection in studies targeting linguistic features but also emphasize the need to
examine languages other than English to fully understand the effects of aging on language production. Additionally,
the results have clinical implications: understanding healthy aging’s impact on language can help us better identify
and study changes caused by Alzheimer’s Disease in older adults’ speech.
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1. Introduction
Alzheimer’s Disease (AD) affects what we say and
how we say it. Multiple studies have shown that
individuals suffering from AD exhibit difficulties
with word retrieval (Croisile et al., 1996; Kavé and
Dassa, 2018), produce fewer information units and
content words (Ahmed et al., 2013; Croisile et al.,
1996; Kavé and Dassa, 2018), and use more pro-
nouns than healthy age-matched controls (Kavé
and Dassa, 2018).1 Language changes are al-
ready detectable when individuals are diagnosed
with Mild Cognitive Impairment (Kavé and Dassa,
2018), a stage of the disease that can occur up
to 8 years before the onset of mild Alzheimer’s
disease, and potentially even before that (Ahmed
et al., 2013; Forbes-McKay and Venneri, 2005;
Garrard et al., 2005). Spoken language can thus
be of use in the measuring of neurological health
and diagnosis of early-stage AD.
Recent advancements in Natural Language Pro-
cessing (NLP) have sparked interest in the pos-
sibility of using automatic language analysis as
an affordable, non-invasive, quick method which
can contribute to the diagnosis of AD as well as
monitor its progression (Clarke et al., 2020; de la
Fuente Garcia et al., 2020; Callegari et al., 2023).
The main procedures currently available to diag-
nose AD include cognitive tests in combination

1This research is funded by grant nr. 200121-
5303 from the Strategic Research Program in Language
Technology of the Icelandic Centre for Research.

with PET or MRI, and/or the sampling of cere-
brospinal fluid through lumbar punctures. How-
ever, these procedures are costly and often have
long waiting times. Automatic language analy-
sis is both less intrusive and considerably less
costly than these existing methods, and could be
integrated into remote assessment, such as via a
smartphone app, further increasing its diagnostic
power.

However, to harness the full potential of NLP tools
for AD diagnosis, it is imperative to be able to
differentiate between Alzheimer’s-related speech
changes and those naturally occurring with age.
Several studies have shown that speech patterns
change with age (Bortfeld et al., 2001; Bóna, 2014;
Moscoso del Prado Martín, 2017; Luo et al., 2019;
Cho et al., 2021; Spieler and Griffin, 2006; Mar-
tins and Andrade, 2011; Jacewicz et al., 2010;
Kemper et al., 2003): factors such as the rela-
tive and absolute frequency of different Part-of-
Speech (POS) categories, our speech rate and
the number of pauses we produce per minute nat-
urally change as we grow older. Developing ef-
fective automatic language analysis tools for AD
thus hinges on possessing a well-defined under-
standing of what constitutes ‘normal’ speech pat-
terns in age-matched healthy controls: without a
solid baseline, it becomes more challenging to de-
termine which changes are typical of aging, and
which might indicate the onset or presence of
Alzheimer’s, potentially increasing the number of



false positives.
In light of these considerations, in this study we ex-
amined the speech production of 30 healthy Ice-
landic individuals aged between 60 to 80. Our
first objective was to establish a baseline of what
qualifies as ‘normal’ or typical speech characteris-
tics for this specific age bracket across a number
of language variables, i.e. to establish a healthy
aging language baseline for Icelandic. Setting
this baseline holds significance not just for the
development of NLP tools aimed at monitoring
and diagnosing AD, but can also be instrumental
for Icelandic physicians, neuropsychologists and
speech-language pathologists who are assess-
ing the speech and language production of older
adults for diverse medical conditions. Presently,
Icelandic healthcare professionals lack a compre-
hensive understanding of what speech and lan-
guage changes come with age, which limits their
ability to objectively evaluate language production
in senior Icelandic populations.
Our second objective was to determine how dif-
ferent speech-elicitation tasks affect extracted lin-
guistic features, e.g., whether factors such as the
rate of adverbs or pronouns are significantly af-
fected by the type of task that is used to elicit
a language sample. This is a second, crucial
component for the development of effective au-
tomatic language analysis tools for clinical pur-
poses: by understanding the impact of various
speech-elicitation tasks on linguistic variables, we
can strategically select the task that best accen-
tuates features of clinical relevance for AD when
collecting data from users.
This research is particularly novel in that this is
the first study of this sort that focuses specifically
on Icelandic – a Germanic language spoken by
fewer than 400,000 individuals. Our study not only
contributes to the understanding of healthy aging
language patterns within this particular language
group, but also offers the opportunity to explore
the cross-linguistic effects of aging on speech. By
considering a larger sample of languages, we can
determine whether the effects of aging on differ-
ent linguistic variables are consistent across dif-
ferent languages, or whether there are nuances
and variations that are distinctly language-specific.
This study, therefore, plays a role in both broad-
ening our comprehension of age-related linguistic
changes and in highlighting the importance of con-
sidering language-specific variables when devel-
oping NLP tools for diverse linguistic communities.

2. Data Collection
2.1. Participants
For this study, we recruited 30 individuals, evenly
split between 15 males and 15 females. All par-
ticipants were between the ages of 60 and 80.

The exclusion criteria were: a primary diagnosis
of depression of moderate or severe degree, bipo-
lar disorder, schizophrenia, a previous physical
brain injury, a neurological disorder or other se-
rious medical condition, a personal history of drug
addiction within the past 20 years, issues with al-
cohol addiction within the past 20 years, the use
of antidepressants and the use of benzodiazepine-
based medications.
The participants’ education levels varied: four
held PhDs, nine had Bachelor’s degrees, five pos-
sessed Master’s degrees, five completed manda-
tory elementary education, three underwent ap-
prenticeships, and two had passed the Icelandic
matriculation examination. One participant’s edu-
cational background was not provided.

2.2. Protocol
Each participant was asked to describe in detail:
(i) the “picnic scene” from the Western Aphasia
Battery Revised (Kertesz, 1982). This is a black-
and-white depiction of a picnic by the lake; (ii) how
they would plan a trip to Akureyri, a town in the
north of Iceland; (iii) their childhood home. We de-
cided to include more than the traditional picture-
description task, used in many studies on AD, be-
cause of evidence that picture-description tasks
may not accurately reflect the conversational abil-
ities of individuals (Sajjadi et al., 2012a).
The order in which the three main prompts were
presented was rotated across participants to mit-
igate the effect of fatigue on verbal performance.
During interviews, participants were encouraged
to speak freely and uninterrupted while being
audio-recorded.
Speech samples were transcribed manually by
trained annotators using transcription methods
and guidelines from Linguistic Data Consortium at
the University of Pennsylvania (Glenn et al., 2010)
(see also Callegari et al. (2023) for a detailed
overview of how the manual transcriptions were
carried out). The transcriptions contain speech
from both speakers, i.e. interviewer and intervie-
wee, and accurately annotate any interjections or
overlaps, providing detailed transcriptions of the
conversations as a whole.
The transcriptions are verbatim and orthographic
using standard Icelandic spelling. Filled pauses,
false starts, repeated words, repairs, restarts,
partial words, spoonerisms, speech errors and
speaker noises were all marked and annotated in
accordance with the transcription protocol. We
followed the LDC guidelines as much as possi-
ble with some modifications for Icelandic. These
adjustments primarily involve Icelandic discourse
particles, which differ from those in English. For
instance, we created a list of Icelandic-specific dis-
course particles, including “uu”, “ömm”, “sko”, and



Variable
rate of nouns
rate of pronouns
rate of adverbs
rate of conjunctions
rate of verbs
rate of inflected verbs
rate of past participles
rate of subjunctives rate
rate of prepositions
rate of DPs with dative case
rate of DPs with genitive case
type-token ratio
rate of unfinished words
rate of corrections

Table 1: Examined Features

“hérna”.
Our study received approval from the Icelandic
Research Ethics Committee (Vísindasiðanefnd) in
September 2021.

3. Data Analysis
We took the transcriptions generated from the
speech samples collected for each of our 30 par-
ticipants and processed them to extract specific
linguistic features from the participants’ language
production. The selection of extracted features
was based both on previous literature on auto-
matic analysis of linguistic markers of both aging
and neurodegeneration (Petti et al. (2020), Robin
et al. (2021), Cho et al. (2021), Cho et al. (2022))
as well as properties of Icelandic which are un-
derstudied in the field of clinical linguistic mark-
ers, where the predominance of English is well-
established (e.g. García et al. (2023)). The vari-
ables we computed are listed in Table 1.

3.1. Feature Extraction
To extract part-of-speech (POS) rates from the
transcriptions, we used the POS tagging function-
ality of GreynirSeq, a natural-language-parsing
toolkit for Icelandic focused on sequence mod-
eling with neural networks (Símonarson et al.,
2022). The POS tagger was trained on the Tagged
Icelandic Corpus (MIM-GOLD) dataset (Barkar-
son et al., 2021) on top of IceBERT, an Icelandic
BERT-based language model, achieving 98.2%
accuracy. We developed a Python program that
utilized Tokenizer (Þorsteinsson et al., 2022), a
tool for Icelandic text tokenization, to automatically
tokenize text in the transcripts. The same program
also employed GreynirSeq to annotate the part-
of-speech (POS) tag for each token. The num-
ber of hits in each POS category was counted for
every participant and task, as well as counts for

inflected verbs, past participles, verbs in the sub-
junctive, words in the nominative, accusative, da-
tive and genitive, total word count and type-token
ratio (moving average). The type-token ratio was
calculated using a window size of 100, following
the method proposed by Covington and McFall
(2010). While we also counted instances of unfin-
ished words and corrections, note that we specif-
ically excluded these from the counts of the other
POS categories, though we did note their frequen-
cies separately.

3.2. Statistical Models
To analyze the results, we ran linear mixed effects
models (Bates et al., 2015) with our normalized
language features as the outcome variable. Fea-
tures were either normalized based on the total
number of intelligible words or the total number
of words in specific POS categories, with the past
participles, inflected verbs and subjunctive being
normalized based on the number of verbs, while
the case marking features were normalized based
on the number of case marked words. The sample
type, participant age and total word count were the
explanatory variables (fixed effects) of the models
and we included random intercepts and slopes by
participant. We conducted a nested model com-
parison (Likelihood Ratio Test) by progressively
adding to a base model with random effects in the
following order: 1) Task Type, 2) Age and 3) Task
type * Age Interaction. This constituted an anal-
ysis with four models which were compared for
each variable. The dataset and R script have been
made available through the Open Science Frame-
work.2

4. Effect of Task Type
We first show how the different POS rates, the
type-token ratio (moving average), the rate of un-
finished words and corrections are affected by task
type. Recall that we had three types of language-
sampling tasks: i) picture description, ii) planning
of a trip, and iii) description of one’s childhood
home.
Asking participants to describe a picture scene is
a commonly used method to elicit speech sam-
ples. A particularly common picture in this respect
is the “Cookie Theft” picture (Goodglass et al.,
1983). An alternative approach consists in ask-
ing participants to recount a narrative that is pre-
sented in pictures, such as the “Frog, Where Are
You?” (Mayer, 2003) story. Picture-description
tasks have been widely adopted because of their
simplicity and standardization. Moreover, there
exist large available datasets (such as MacWhin-
ney (2019)’s TalkBank) that were created using

2https://osf.io/53mhv/?view_only=
585d6c8cb95b478e84e8eaceb5629ca9

https://osf.io/53mhv/?view_only=585d6c8cb95b478e84e8eaceb5629ca9
https://osf.io/53mhv/?view_only=585d6c8cb95b478e84e8eaceb5629ca9


Variable Task type Chisq.
nouns yes: p < 0.001 40.56
pronouns no: p = 0.26 2.65
adverbs no: p = 0.29 2.56
conjunctions yes: p < 0.01 9.31
verbs yes: p < 0.001 25.57
inflected verbs yes: p < 0.001 59.92
participle rate yes: p < 0.01 11.61
subjunctive rate yes: p < 0.001 35.01
prepositions no: p = 0.45 1.98
dative int.: p < 0.01 10.7
genitive rate yes: p < 0.001 23.96
type-token ratio yes: p < 0.05 6.73
unfinished words yes: p < 0.05 7.07
corrections yes: p < 0.001 14.48

Table 2: Model fit improvement when adding the
task type variable (Likelihood Ratio Test).

picture descriptions as the chosen method, allow-
ing one to compare one’s results with existing ones
collected for other participants and languages. At
the same time, picture descriptions pose a series
of drawbacks: the elicited speech sample is often
quite short, and features limited lexical and syntac-
tic richness (Ash et al., 2006). Moreover, the task
itself is not particularly representative of everyday
speech.
Limited studies exist that compare the effective-
ness of different speech-sampling methods in de-
tecting the early stages of Alzheimer’s Disease
(AD). Findings suggest that conversation via semi-
structured interviews and picture descriptions gen-
erate different error types (Sajjadi et al., 2012b),
and that task nature influences machine learning
classification accuracy in distinguishing between
patients and controls (Beltrami et al., 2016; Clarke
et al., 2021). For example, Clarke et al. (2021)
explored linguistic feature-based classifications of
discourse from 50 participants (25 healthy, 25
with mild Alzheimer’s Disease (AD) or Mild Cogni-
tive Impairment (MCI)) across five different speech
tasks.
The authors show that the choice of speech task
impacts the performance of classifiers trained to
recognize mild AD and MCI: classifiers reach an
overall accuracy of 78% when participants are
asked to narrate the Cinderella story, but only 62%
when participants were asked to narrate the “Frog,
Where Are You?” (Mayer, 2003) novel, a story with
which they were unfamiliar.
Our results for task effect are illustrated in Table
2 and Figures 1, 2 and 3. We found significant
improvements to the fit of the model when adding
task type for 11 out of 14 variables tested, which
represents additional evidence in support of the
idea that the type of task used can significantly
affect the linguistic composition of the analyzed

sample. Interestingly, the only variables that do
not show task type effects are the rate of pronouns,
the rate of adverbs, and the rate of prepositions.
This is clinically relevant: as an example, there is
ample evidence for increased use of pronouns in
English speakers with Alzheimer’s Disease (e.g.
Petti et al. (2020), Robin et al. (2021), Cho et al.
(2022)) as well as work (Cho et al., 2021) show-
ing that older (52−89 old) speakers of English use
more pronouns as compared to younger (18 − 22
years old) speakers of English. This work is usu-
ally conducted based on picture descriptions (e.g.
Robin et al. (2021), Cho et al. (2021), Cho et al.
(2022)), with pronoun-to-noun ratios sometimes
being computed (Petti et al., 2020).
Our results suggest that the pronoun rate as a
measure can be robust across different language
sampling tasks for Icelandic, but that the pronoun-
noun ratio is task-sensitive, with individual noun
rates fluctuating significantly across tasks. The
highest rate of nouns is observed in the picture-
description task. This is intuitively aligned with
the nature of the task: describing a visual scene
naturally requires the use of nouns to identify and
discuss various elements within the image. For
instance, if the picture features people, objects,
and a setting, participants would inherently name
these elements, leading to increased noun us-
age. On the other hand, the trip-planning narra-
tive showed the lowest rate of nouns. This makes
sense as planning a trip revolves more around ac-
tions, intentions, and sequences of events rather
than specific entities. In such narratives, partic-
ipants are more likely to use verbs to describe
activities they would do on the trip and conjunc-
tions to link different events. The emphasis shifts
from naming specific objects, as in the picture-
description task, to discussing actions and future
intentions (which also leads to a significantly in-
creased usage of the subjunctive mood), leading
to a reduced reliance on nouns.
This distribution of the results across language
sample tasks illustrated in the figures relates
to another important result, which is the extent
to which these task effects wildly vary across
variables. For example, the three verb rate
measures show varying patterns of language task
type effect, with the overall verb measure mostly
showing a contrast between the description of the
childhood home (lower rate) and the two other
tasks. On the other hand, when looking at the rate
of finite (inflected) verbs, all types of language
samples differ from each other. This is interesting
considering that the rate of tense-inflected verbs
can be reduced in (English) neurodegeneration
(Cho et al., 2022), but healthy older speakers of
English have also been shown to use more verbs
than younger speakers (Cho et al., 2021).



Figure 1: Individual POS rates across types of language sample tasks for features normalized on the
total number of words, N = 48. Lighter dots indicate a lower age.

Figure 2: Individual linguistic feature rates across types of language sample tasks for the type-token ratio
and features normalized on the total number of verbs (top line) and the total number of casemarkedwords
(dative and genitive rate), N = 48. Lighter dots indicate a lower age.

Turning to the variables reflecting characteristics of Icelandic which differ from English, it is inter-



Figure 3: Individual rates of unfinished words and corrections across types of language sample tasks,
normalized on the total number of words, N = 48. Lighter dots indicate a lower age.

esting to note the large differences in the rate of
the subjunctive across language sample types,
with a remarkably low rate of subjunctives used
in the description of participants’ childhood home,
and with high rates when participants discuss the
planning of a possible trip. Since the subjunctive
has largely disappeared from English (and various
other Germanic languages), very little is known
about ways in which it could be affected in aging or
neurodegenerative disease. Still, work on Greek
and Italian speakers with probable Alzheimer’s
Disease (Fyndanis et al., 2017) suggests that
dementia may alter howmood is used in language.

When it comes to case marking, also largely lost
in English but preserved in Icelandic (McFadden,
2020), we observe sample type effects as well as
the only significant interaction between age and
sample type found in the study (for the dative rate).
As all the figures have participant age represented
as well, it can be seen that older participants use
the dative case more for two of the three task
types, trip planning and picture description, but not
for the childhood home. Although these results are
difficult to interpret, it is clear that more detailed
work needs to be conducted when it comes to the
use of case marking in aging and neurodegener-
ation. For example, Bose et al. (2021) show that
the use of case marking changes in the language
of speakers of Bengali who have Alzheimer’s Dis-
ease.

5. Effect of Age
An important aspect of investigating possible
language-specific manifestations of neurodegen-
eration is to be able to distinguish between
changes in healthy aging and changes in speech
and language which could be markers of disease.
Numerous studies have shown that the language
productions of older individuals differ from those
of younger individuals (Bortfeld et al., 2001; Bóna,

2014; Moscoso del Prado Martín, 2017; Luo et al.,
2019; Cho et al., 2021; Spieler and Griffin, 2006;
Martins and Andrade, 2011; Jacewicz et al., 2010;
Kemper et al., 2003). For example, Cho et al.
(2021) examined the descriptions of the Cookie
Theft picture produced by 37 older (age range: 52
to 89) and 76 younger (18 to 22) healthy partic-
ipants. They found that older speakers produce
shorter clauses, more fillers, pronouns and verbs
than younger individuals, but use fewer conjunc-
tions, determiners and nouns. They also noticed
a correlation between age and vocabulary used,
with older speakers exhibiting overall lower lexi-
cal diversity than younger participants. However,
all the above-cited studies, with the exception of
Bóna (2014), based on Hungarian, and Martins
and Andrade (2011) on Brazilian Portuguese, were
based on English. Bóna (2014) also focused on
examining acoustic variables only, such as speech
rate, articulation rate, and length of pauses, which
are likely variables that are more stable across dif-
ferent languages. Therefore, the effects of healthy
aging on morphologically rich languages such as
Icelandic, which makes use of a case system,
have so far been undocumented.
In addition to comparing older individuals with
younger ones, to develop effective clinical NLP ap-
plications for AD detection, it is also imperative to
look at differences within the older age group. For
example, do language patterns vary significantly
depending on whether an individual is in their 60s
versus their 70s? This is why in our study we
specifically investigate age effects in participants
between the ages of 60 and 80.
Table 3 illustrates which linguistic variables
showed significant model fit improvements when
participant age was added. As can be seen, and
is additionally illustrated in Figures 1, 2 and 3, ag-
ing effects only appear with 3 of the 14 variables
tested, showing that the aging effects are much
less robust than the effects of task type. This is



Variable Age Chisq.
nouns no: p = 0.68 0.18
pronouns no: p = 0.48 0.46
adverbs yes: p < 0.01 6.52
conjunctions no: p = 0.97 0.01
verbs yes: p < 0.05 5.45
inflected verbs no: p = 0.66 0.20
participle rate no: p = 0.06 3.42
subjunctive rate no: p = 0.46 0.56
prepositions no: p = 0.19 1.68
dative int.: p < 0.01 10.7
genitive rate no: p = 0.21 1.55
type-token ratio no: p = 0.06 3.41
unfinished words no: p = 0.15 2.06
corrections no: p = 0.06 3.57

Table 3: Model fit improvement when adding the
age variable (Likelihood Ratio Test).

to be expected considering the lack of contrast to
younger speakers. Nevertheless, the presence of
significant effects points to the importance of ag-
ing effects within older speakers. The results for
the dative have already been described, but it is
interesting to see an age effect also emerge in the
rate of verbs, with an increased use as participants
age. This is comparable to the results of Cho et al.
(2021) in their study contrasting younger and older
speakers of English. On the other hand, their re-
sults did not show an aging effect for adverbs as
ours do, but such an effect can still be found when
speakers with dementia are compared to healthy
controls (Cho et al., 2022).

6. Concluding Remarks
In our research, we analyzed the speech patterns
of 30 healthy Icelandic individuals aged between
60 and 80. Our primary objectives were: i) to
establish a linguistic baseline for what represents
healthy aging in older Icelandic speakers using au-
tomatically extracted POS features, and ii) to un-
derstand the influence of different speech elicita-
tion tasks on these POS features.
Our exploration into the effects of task type on the
different linguistic variables offers insights into the
importance of choosing the right language sam-
pling method. Picture description tasks are com-
monly used in clinical language sampling due to
their simplicity, offering both benefits and draw-
backs. Although widely adopted, these tasks may
produce data that has limited lexical depth. Our
findings reveal the pronounced impact of sampling
methods on linguistic variables, with 11 of the 14
variables studied showcasing noticeable variation
depending on the task type. A particularly inter-
esting finding relates to the rate of pronouns used,
which appears to be more or less stable across
different task types. This consistency holds clin-

ical significance, especially considering that pro-
noun rate has been identified as an indicator of
Alzheimer’s disease in several studies (Kavé and
Dassa, 2018; Petti et al., 2020; Robin et al., 2021;
Cho et al., 2022). Whereas the pronoun rate re-
mained stable across different elicitation tasks, the
pronoun-to-noun ratio did not, as the noun rate
was highly dependent on task type, with tasks
eliciting descriptions of visual cues resulting in a
higher number of nouns being produced across all
ages. This suggests that caution should be exer-
cised when computing pronoun-to-noun ratios, an
equally popular measure used in clinical linguistic
studies focusing on AD. Unless the specific sam-
pling type is taken into account, such computa-
tions might lead to skewed results.
Historically, the focus of studies on age effects
on language has largely been on mapping con-
trasts between older and much younger individu-
als (e.g. individuals in their 30s versus those in
their 70s), particularly within the English language
domain. Our study ventured into the relatively un-
charted territory of aging effects within a narrower
age bracket of older individuals, specifically in the
context of a morphologically richer language like
Icelandic. While we noticed fewer significant re-
sults when we looked at age effects, it is interest-
ing to note that even with our concentrated age
sample, spanning just 20 years, we identified vari-
ables with variation linked to age. This under-
scores the importance of examining narrower age
bands when evaluating language changes in older
populations. Moreover, the significant interaction
we observed between task type and age for da-
tive usage further shows the need for increased
linguistic diversity in research on aging effects in
language production.
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