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Abstract
Introduction: Changes in speech can act as biomarkers of
cognitive decline in Alzheimer’s disease (AD). While shorter
speech samples would promote data collection and analysis,
the minimum length of informative speech samples remains
debated. This study aims to provide insight into the effect of
sample length in analyzing longitudinal recordings of
spontaneous speech in AD by comparing the original ran-
dom length, 5- and 1-minute-long samples. We hope to
understand whether capping the audio improves the ac-
curacy of the analysis, and whether an extra 4 min conveys
necessary information. Methods: 110 spontaneous speech
samples were collected from decades of Youtube videos of
17 public figures, 9 of whom eventually developed AD. 456
language features were extracted and their text-length-
sensitivity, comparability, and ability to capture change
over time were analyzed across three different sample
lengths. Results: Capped audio files had advantages over
the random length ones. While most extracted features were
statistically comparable or highly correlated across the da-
tasets, potential effects of sample length should be ac-
knowledged for some features. The 5-min dataset presented

the highest reliability in tracking the evolution of the dis-
ease, suggesting that the 4 extra minutes do convey
informative data. Conclusion: Sample length seems to play
an important role in extracting the language feature values
from speech and tracking disease progress over time. We
highlight the importance of further research into optimal
sample length and standardization of methods when
studying speech in AD. © 2023 The Author(s).

Published by S. Karger AG, Basel

Introduction

Changes in speech have been identified as one of the
earliest biomarkers of Alzheimer’s disease (AD) [1–4]. As
studies using AI and language-based biomarkers have
achieved over 90% accuracy in differentiating the indi-
viduals with AD diagnosis from the healthy population
[5], contemporary studies are predominantly concerned
with prediction and detection of the earliest language
changes [6]. However, due to limited data availability
[6–8], relatively few studies focus on preclinical [1] and
longitudinal changes [4, 9].

Similarly, methods for speech data collection, such as
optimal sample length, have not been standardized [8,
10], limiting the comparability across studies and the
transferability of research methods. Previous studies have
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often used random sample length which can lead to bias
in feature values due to their text-length-sensitive, es-
pecially as people with AD tend to speak less [11–14].
Different strategies have been proposed to cope with text-
length-sensitivity, for example, extracting language fea-
tures as ratios [15–18], however, ratio features can be
unreliable as the proportion of specific language features
does not change linearly with text length [19, 20]. An-
other strategy is capping the samples at a maximum
length [19], however, the minimum amount of speech
data needed to spot AD-related changes remains debated
[10]. Previous studies have proposed that 150-word in-
terviews can reflect language impairment in dementia
realistically [10], used 1-minute- [21], 4-minute- [22], or
1,400-word-samples [23], capped the transcripts only
when analyzing text-length-sensitive features [20] or
removed the acoustic features that correlate with duration
[24]. All in all, there is no standard method for dealing
with text-length-sensitivity, and very different sample
lengths have been used in previous research.

Due to limited availability of longitudinal datasets,
previous work on standardizing the duration of the
samples has not, to the best of our knowledge, considered
the ability of different length speech samples to capture
language change over time.While longitudinal changes in
speech have received little attention compared to clas-
sification studies [11, 25] as the datasets are expensive and
time-consuming to collect [4, 6, 9], previous literature
suggests that changes in language use, such as vocabulary
richness [20, 23, 26, 27], syntax [2, 20], and pausation
patterns affected by word retrieval difficulties [28, 29]
begin before the clinical diagnosis and worsen over time.
We aim to investigate how the length of speech sample
affects their ability to capture these expected changes.

The goal of the current study is to explore the effect of
audio capping in analyzing speech in AD and to un-
derstand whether 1-min samples carry enough infor-
mation in comparison to 5-min samples. Using shorter
samples would promote data collection and analysis by
requiring less effort from vulnerable subjects and mini-
mizing computation time, but the samples must be long
enough to be informative.

Our dataset consists of transcripts of public interviews
with famous individuals, some of whom eventually de-
velop AD. We have constructed three different length
datasets from the same voice samples by cutting the
transcripts and audio: original random length, 5-min, and
1-min dataset. While this dataset cannot replace clinical
studies, it has several advantages: (1) collecting longi-
tudinal data from prerecorded interviews in the public
domain provides an insight into language change in AD

without expert labeling and extensive privacy concerns,
unlike clinical data [8], and allows to explore how speech
duration affects the robustness of the extracted features; (2)
while cognitive tasks conducted in laboratory setting can
have methodological advantages, spontaneous speech is
considered to provide a more realistic reflection of cognitive
abilities and promotes longitudinal data collection due to
natural setting [30]; (3) using multiple speech samples
recorded over several decades from a number of participants
allows to explore longitudinal change instead of the differ-
ence at a single time point, contributing to finding the earliest
markers and tracking disease progress; (4) using over 450
language features contributes to detailed analysis of changes
in speech patterns in a wide range of language areas, and
automated feature calculation improves objectivity of the
analysis [8].

Materials and Methods

Participants
The original dataset consisted of 405 recordings from 9

AD – healthy control (HC) participant pairs of public figures.
The public figures with AD were identified based on internet
searches and the number of available voice recordings. As we
did not have access to the clinical information of the public
figures, the time of diagnosis was based on Wikipedia and
media entries. HC participants were paired with the AD
participants based on demographic information (gender, age,
education level, origin, and occupation where possible) to
minimize the difference in life experiences and background
which may affect language use.

As the design of the current study required the length of the
samples to be at least 5 min long, all shorter samples were excluded
from the original dataset, resulting in 110 speech samples from 17
individuals. The included speech samples were public interviews
and monologues recorded during TV and radio performances,
including contexts such as talk shows, documentary interviews,
press conferences, public speeches, etc. All speech samples were
available on Youtube. See Table 1 for details of the individual
participants and the recordings included in the final dataset.

Materials
Speaker diarization was done manually by trained transcrip-

tionists, separating speech segments based on speaker identity, and
allowing us to only include the audio of the speaker of interest.
Speech was manually transcribed by Winterlight Laboratories
employees, following CHAT protocol.

The same speech samples were used to create three different
length datasets. All included speech samples in the original ran-
dom length dataset were at least 5-min long after diarization, but
their length was not capped, ranging from 5 to 21 min (mean =
9.75), and 479–6,665 words (mean = 1,893).

To create the 5-min dataset, a cut-off point was applied at the
300-s mark of these samples. The number of words across the 110
samples in the 5-min dataset ranged from 479 to 1,339
(mean = 908).
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To avoid re-transcription and potential between-transcriber
differences, the 1-min cut-off point was established at the nearest
utterance boundary of the 60-s mark, resulting in ±5-s variation in
sample length. The transcript length in the 1-min dataset ranged
from 102 to 278 words (mean = 179).

This process resulted in three different length datasets con-
sisting of the same speech samples, so that the first minute was the
same in all datasets, and the first 5 min was the same in the 5-min
and original random length dataset.

456 identical linguistic and acoustic features were automatically
extracted from each dataset. Linguistic features were related to co-
herence (such as cosine similarity between utterances), syntactic
structures (such as t-units – the shortest grammatical sentences into
which text can be split), lexical features (such as age of acquisition
[AoA] or level of arousal), and vocabulary richness (such as type:token
ratio [TTR] – the number of different words divided by the number of
total words; moving average type:token ratio (MATTR) [31] – TTR in
different moving window sizes of consecutive words; Brunet index
[32] – based on text length and vocabulary size [16]; Honoré statistic
[33] – based on hapax legomena and an assumption that growth in
their use is constant to the logarithm of text size [34]).

Acoustic features included speech tempo- and pause-related
features, Mel-frequency cepstral coefficient (MFCC) measures,
and zero-crossing rate statistics. Acoustic features were extracted
using Praat and Parselmouth software [35, 36].

Procedure
We conducted 3 experiments. Experiment 1 explored the text-

length-sensitivity of the language features in the three different datasets
by measuring Spearman correlations between the language feature
values and the number of words. This was done separately in each
dataset (n = 3), between each feature (n = 456) and text length, re-
sulting in 3 × 456 correlations using 110 datapoints. Bonferroni
correction was applied to account for multiple comparisons, resulting
in a significant p value of p= 0.0001. For informative analysis of speech
in AD, we would expect the feature values not to be extensively af-

fected by transcript length. Experiment 2 investigated the compara-
bility of feature values across datasets using Kruskal-Wallis test to
identify the number of features that differed in the three datasets, and
Dunn test for post hoc analysis to identify the datasets where these
differences occurred. Spearman correlation was used to analyze
whether the values of the features that differed in the two datasets
correlated with each other. We hypothesized that if the datasets of
different lengths capture the same information, the feature values
across the datasets should be comparable or strongly correlated. In
Experiment 3, we focused on language change over time and in-
vestigated the relationship between participant age, dataset length, and
language features. We first explored the number of significant
Spearman correlations between participant’s age and the language
feature in each dataset, comparing the AD and HC groups. We ex-
pected an informative dataset to capture the largest number of sig-
nificant correlations with age in the AD group as a representation of a
more rapid decline in language due to progressing cognitive diffi-
culties, and the correlations between age and language feature values in
theHC group to be less significant. Second, we used linearmixed effect
model to better understand whether the age impact on the language
features differs depending on dataset length in the AD group.

Results

Experiment 1
We found 120 text-length-sensitive features in the original

random length, 30 in the 5-min, and 22 in the 1-min dataset.
104 text-length-sensitive features in the original random
length dataset were acoustic MFCC features, compared
to 0 and 1 in the other two datasets. Figure 1 shows the
details of the text-length-sensitivity of the features,
with MFCC features removed due to strong correla-
tions with each other. See Table 2 for examples of
feature categories and their text-length-sensitivity.

Table 1. Individual participant and
recording information in the final
dataset

Participant Number of
recordings

Age range over
recordings

Sex Education Age at
diagnosis

AD_1 12 43–76 M 12 75
HC_1 9 44–88 M 12 –
AD_2 7 46–74 M 17 80
HC_2 4 34–77 M 16 –
AD_3 7 50–77 M 14 79
HC_3 8 35–81 M 14 –
AD_4 3 65–75 M 18 80
HC_4 7 32–81 M 13 –
AD_5 3 68–71 M 14 83
HC_5 8 44–86 M 16 –
AD_6 8 64–72 M 16 78
HC_6 9 70–75 M 18 –
AD_7 2 47–59 F 17 58
HC_7 7 55–63 F 17 –
AD_8 1 63 F 12 63
HC_8 7 37–62 F 12 –
AD_9 8 75–81 M 16 83

Sample Length Impact on Tracking
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Experiment 2
226 language features showed significant differences

across datasets in Kruskal-Wallis test (118 acoustic, 55
syntactic, 18 vocabulary richness and parts-of-speech
proportions, 15 coherence, 11 graph, and 9 fluency
features). Table 3 shows a breakdown of post hoc analysis
exploring the difference between dataset pairs using
Dunn test, as well as the number of features correlating
significantly between the datasets using Spearman cor-
relation, and the number of features that remained in-
comparable (significantly different and not correlated).

Experiment 3
The 5-min dataset captured a significant correlation with

age in six language features in the AD group: AoA of words,
AoA of nouns, average word duration, articulation rate,
speech rate, and total words uttered. The original random
length dataset captured 3 features that correlated signifi-
cantly with age in the AD group: nonwords and incom-
prehensible words, AoA of words, and AoA of nouns. The 1-
min dataset did not capture significant change in any fea-
tures in the AD group. No feature correlated significantly
with age in any dataset in the HC group.

Fig. 1. Number of features correlating with text length in each dataset, with MFCC features excluded.

160 Digit Biomark 2023;7:157–166
DOI: 10.1159/000533423

Petti/Baker/Korhonen/Robin

https://doi.org/10.1159/000533423


LMER showed that the effect of age in the AD group
significantly differed in 6 language features depending on
whether the dataset was 1-minute-long or of random
length: the number of complex nominals, the length of
t-units, verb familiarity, function words, average shortest
path in a graph, and sentiment arousal. The 5-min dataset
did not differ significantly.

As an illustration, Figures 2 and 3 show examples of
average group and individual language feature values at
different time points in different datasets. The feature
choices are based on the results of Experiments 1–3; the
one individual AD participant was chosen based on most
available samples.

Discussion

This study examined the role of audio duration in
capturing the changes in language in AD. Understanding
the role of sample length contributes to standardizing the
methods of language-based cognitive decline analysis,making
them more transferrable and increasing the comparability in
future studies, as well as the efficiency of clinical applications.
We compared 1-min, 5-min, and original random length
spontaneous speech samples recorded over several decades,
focusing on text-length-sensitivity of the language features,
the comparability of the information captured by different
length datasets, and language change with time.

Table 2. Examples of language
features according to their category
and text-length-sensitivity

Category Not text-length-sensitive Text-length-sensitive

Discourse Cosine similarity between
utterances

Graph features

Syntax Phrase and sentence
constructions

–

Lexical Familiarity, imageability Age of acquisition
Vocabulary
richness

Honoré statistic, moving average
type:token ratio

Type:token ratio, brunet index

Acoustic Zero-crossing rate features Mel-frequency cepstral
coefficient features

Speech timing – Unfilled pauses, hesitation,
pause count
and duration, word duration,
articulation rate

Table 3. Dataset comparability –
number of features that show significant
differences in the Kruskal-Wallis tests,
Dunn test, and Spearman correlation
across different length datasets

1-min versus
5-min dataset

5-min versus
original random
length dataset

1-min versus
original random
length dataset

Number of significantly
different features (Dunn test)

176 154 214

Out of the different features,
the number of features that
correlate across the two
datasets (Spearman
correlation)

159 71 81

Number of critical features
that differ and do not
correlate

17 83 133

Number of critical acoustic
features

9 64 64

Number of critical linguistic
features

8 19 69

Breakdown of critical
linguistic features

6 syntactic 8 syntactic 44 syntactic
14 coherence8 coherence2 coherence
7 graph3 graph
3 vocabulary
richness
1 fluency

Sample Length Impact on Tracking
Alzheimer’s-Related Changes in Speech
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Fig. 2.Average group values of function words, arousal, word duration, and the number of words at different time
points across 3 datasets and AD and HC participant groups (AD, Alzheimer’s disease – red, HC, healthy
control – black).
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As expected, capping audio eliminated text-length-
sensitivity of the acoustic features, supporting the
standardization of sample length in acoustic analysis.
The impact on linguistic features was less clear, as a
similar relatively small number of features correlated
with sample length in all three datasets (see Fig. 1).
While most of these correlations were straightforward,
vocabulary richness has been discussed more in pre-
vious literature [8, 34, 37]. Many studies suggest that as
a function of the total tokens, TTR is likely to be af-
fected by sample length [8, 16, 18, 37], and MATTR has
been proposed as an alternative, less text-length-
dependent metric [31]. The results of Experiment 1
(Fig. 1) and the illustration on Figure 3 support these

claims. While numerous sources suggest that Brunet index
is independent of sample length [1, 8, 18, 38], the results of
Experiment 1 showed significant correlations with text
length in all 3 datasets, in line with the illustration on
Figure 3. Both Brunet index and TTR values suggest poorer
vocabulary in longer datasets, explainable by the number of
unique words not increasing linearly with the number of
tokens [8, 20, 31]. As vocabulary richness is often used in
studies concerned with speech in AD, it is important to keep
the potential effect of sample length in mind and apply
appropriate preventative measures, such as using MATTR
instead of TTR, controlling for (the correlation with) sample
length [34, 37], and reporting the length of the samples to
increase comparability across studies.

Fig. 3. Individual participant’s feature values of type:token ratio, moving average type:token ratio, average length
of t-units, and Brunet index at different time points across 3 datasets (1-min dataset – orange, 5-min
dataset – purple, original random length dataset – light blue).
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In line with previous studies arguing that there are
no major differences between the first and the second
150 words of an interview [39], or the first 150 and 600
words [10], we found that the information captured by
1-min and 5-min dataset was mostly comparable. A
few acoustic and linguistic features suggested differ-
ences in the content captured: some complex syntactic
structures may not have appeared in the shorter 1-min
samples [39], and some coherence metrics suggest that
5-min samples understandably convey more diverse
content. As expected, the random length samples
differed the most from the other 2 datasets.

Earlier literature suggests that changes in vocabulary
richness and verbal memory [20, 23, 26, 27], syntax com-
plexity [2, 20], and fluency [28, 29] manifest before AD
diagnosis and continue declining as the condition worsens.
In the current study, the 5-min dataset suggested significant
age correlation in six language features related to vocabulary
complexity (AoA) and speech fluency (speech rate, word
duration, total words) in the AD group. It has been proposed
that familiarity-based memory is likely to be preserved in
early stages of AD [27], potentially explaining the changes in
AoA features. Similarly, word retrieval difficulties have been
linked to pause proportion in speech, affecting speech rate,
word duration, and the number of words [28] – the per-
centage of voiceless segments has been proposed to be one of
the most informative features of the decline in language
ability in AD with a potential to provide a low-cost solution
to early AD detection [29].

The impact of age on six language features related to
vocabulary complexity and familiarity, and syntax differed
significantly between the 1-min and original random length
dataset, suggesting that dataset length plays an important
role in capturing language change in AD. While the 1-min
dataset seems to capture changes in some language features
most clearly (see, for example, function words on Fig. 3) and
could therefore have a potential to differentiate between the
AD and HC participants from early on, the feature values
tend to be more randomly distributed and further from the
predicted values than the same feature values in the 5-min
samples, potentially indicating that the first minute is too
short to provide reliable and stable results. The downside of
the random length samples seems to be the appearance of the
odd outliers, potentially due to some drastically longer or
shorter samples. The age impact of the 5-min dataset did not
differ significantly from the other two datasets, potentially
suggesting that 5 min is long enough to capture the content
comparable to the longer random length samples while,
potentially due to standardized length, also remaining
comparable to the 1-min samples.

Based on these findings, the 5-min dataset seems to
provide most stable feature values and capture the expected
decline in language most consistently. However, when in-
terpreting the results, it must be remembered that this study
is based on a very small sample and the findings are de-
scriptive in nature and could only act as indicator, suggesting
directions for further research. Dataset size and heteroge-
neity have been identified as the main limitation of the
studies exploring speech in AD [7], contributing to potential
overfitting. To avoid overfitting, it is also important to
consider the number of necessary features extracted from the
limited amount of data (see [40] for more detailed
discussion).

Other limitations include the lack of clinical and
confounder information, potential scriptedness of the
recordings, uncontrolled content, intervals, and set-
ting which limit the comparability of the samples.
Further research using larger sample size, real par-
ticipants, standardized recording conditions and in-
tervals, and reliable clinical information is needed to
make stronger conclusions. It must also be acknowl-
edged that while the current study uses 5-min or
longer speech samples, it can be challenging to find or
collect such data in naturally occurring environments.
Additionally, free speech and interviews might place
different cognitive demands on the participants, and
different tasks and lengths of speech can capture
different changes. Therefore, the research design de-
cisions on the type and length of the data should be
made based on the research question.

Future studies could investigate whether the amount of
speech data needed to capture change in language reduces
as the participant’s condition worsens, for example,
whether less data could be used for more severe cases due
to the impairment being more easily detectable. This
would help reduce testing-related stress of the partici-
pants with more severe dementia and encourage par-
ticipation. Another direction could be exploring the
trade-off between the number and the length of the
samples and analyze whether it is best to collect more
shorter samples or fewer longer samples.

To sum up, the current study demonstrates that the
length of the recordings plays an important role in
analyzing speech changes in AD. The findings suggest
that capped audio files have advantages over the
random length ones, and while the 1-min and 5-min
dataset convey largely comparable information, the
stability of the feature values and the ability to track
language change over time in AD advocate for using 5-
min samples.
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