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Abstract
Automatic detection of sleepiness can help to improve the
follow-up of patients suffering from chronic diseases. Previ-
ous research on sleepiness detection has shown that this task is
feasible using voice recordings. Most studies however rely on
numerous features extracted from healthy subjects recordings
and machine learning, the target being the output of subjective
sleepiness questionnaires. In this paper, we propose to study
the reading errors made by patients suffering from Excessive
Daytime Sleepiness on the MSLT database collected at the Bor-
deaux hospital. This database differs from the others on two
key points: patients are recorded instead of healthy subjects
and their sleepiness level is assessed using multiple measure-
ments, both subjective and objective. With the help of Speech
Therapists, we defined and counted reading errors and confront
these numbers with sleepiness measurements. We show that
evaluating these reading errors can be useful to elaborate robust
markers of objective sleepiness but also to elaborate exclusion
criteria of the speakers not having a sufficient reading level.
Index Terms: reading mistakes, sleepiness detection, prosody

1. Introduction
One of the major challenges for treating neuro-psychiatric
pathologies is the follow-up of patients suffering from chronic
diseases in order to adapt treatment and measure early relapses.
Regular in-person appointments between doctors and patients
are useful but the growing number of patients increases the
queuing time and often results in episodic follow-ups with un-
evenly spaced interviews. To tackle this issue, a virtual physi-
cian has already been developed [1]. Benefiting from the vocal
interaction between the patient and the animated conversational
agent, measuring sleepiness from voice provides useful com-
plementary information.

Even if previous studies have already shown that it is pos-
sible to measure subjective sleepiness through voice using ex-
tracted vocal features [2, 3, 4], most of them were based on the
Sleepy Large Corpus introduced during the Interspeech 2011
challenge [3] which included only healthy subjects. More re-
cently, the SLEEP corpus has been elaborated for the Inter-
speech 2019 challenge, paving the way to the use of deep learn-
ing in sleepiness detection through voice.

Since our goal is to estimate objective sleepiness for
patients suffering from Excessive Daytime Sleepiness, these
datasets did not fit our expectations for three main reasons.
First, the sleepiness level of this database is a combination
of self-reported sleepiness and external behavioural sleepiness
(measured by the Karolinska Sleepiness Scale [5] - KSS), while
we attempt to estimate objective sleepiness (usually measured

by EEG). Second, the vocal samples are collected through di-
verse tasks ranging from short sustained vowels to reading di-
verse texts, in English and German languages. This lead to het-
erogeneous samples that are barely comparable. Finally, but not
least, we wish to estimate sleepiness from voice produced by
patients suffering from Excessive Daytime Sleepiness. For this
population, contrary to healthy subjects, objective and subjec-
tive sleepiness measurements may not correlate [6]. Moreover,
these patients are more likely to suffer from depression [7], that
can pollute the vocal production [8].

To achieve our goal, we have elaborated a new database
recorded at the Bordeaux University Hospital Sleep Clinic,
France. The MSLT database, extensively described in [9], con-
tains speech samples collected on reading tasks and associated
measurements for self-evaluated subjective sleepiness (KSS)
and objective sleepiness measurements (Multiple Sleep Latency
Test - MSLT - iteration value [10, 11]). The advantages on fo-
cusing on read speech are multiple: not only the vocal content
is the same when comparing the patients, but it also ensures that
the length of the samples is sufficient to ensure the detection of
sleepiness.

To our knowledge, all the previous works aiming at detect-
ing the sleepiness level through voice have focused on extract-
ing features concerning voice quality (frequency, energy, ...),
usually extracted with the openSMILE toolbox [12]. We fore-
cast that it is mainly due to the available datasets, which only
propose audio samples and their labels. This article aims at ben-
efiting from the fact that in our corpus, the voice is collected on
read texts, allowing to label the reading errors for each sample
and using this labels as new features for sleepiness detection.
Indeed, if vocal features allow to study the influence of sleepi-
ness on the neuro-muscular aspect of vocal production [13], we
hypothesise that the reading mistakes are relevant markers to
study the cognitive modifications due to sleepiness. We hence
propose in this paper a new method to assess the sleepiness of a
speaker based on its reading errors.

This paper is structured as follows. In Section 2, we provide
a description of the five types of reading errors that we used to
label our database. In Section 3 we briefly present our database
and discuss on the criteria that we used to exclude some speak-
ers. Results and discussion are presented in Section 4, while
Section 5 presents a first attempt of classification. Finally, con-
clusions and future work are presented in Section 6.

2. Reading mistakes taken into account
In accordance with speech therapists, we have selected five
types of errors that may be represented well enough in our data:

• Stumbling errors (”Achoppements” in French): ”hesita-
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tions, breaks in the speech rhythm” [14].

These errors mainly measure the assembling capacities of the
reader. Assembling is the fact to put together independent syl-
lables so as to form a word: when a subject begins to read a
word, stops, then continue, the process of assembling the word
has been interrupted, leading to a stumbling. We have chosen
to not take into account hesitations between words (breaks of
the speech flow), but only breaks that occur inside words and
unnatural vowel lengthening testifying hesitation.

• Paralexia (”Paralexies” in French) : ”identification error
of written words consisting in the production of a word
instead of another”[14].

Contrary to stumbling errors, paralexia reflect the addressing
capacities of the reader. In contrast to assembling, addressing
can be defined as the fact to read a word wholly, without deci-
phering it or slicing it into syllables. Paralexia are symptomatic
errors involving this type of reading. We have generalised this
category to the pronunciation of any other word, existing or not,
that is read instead of the correct one. For example, collapsing
errors (the deletion of one syllable in a word) are counted as
paralexia in this study. The pronounced word has however to
be similar to the expected one, to differentiate this error from
additions and deletions of words.

• Deletions of words: this error occurs when the speaker
forgets to pronounce a word and goes directly to the next
one. Even if self-correction occurs afterwards, the dele-
tion error is counted.

• Additions of words: this error occurs when the speaker
adds a word that is not present in the text. Even if self-
correction occurs afterwards, the addition error is taken
into account.

• Syntactic reversals: this error occurs when words in a
sentence are inverted.

If a paralexia, deletion, addition or syntactic reversal error has
already been counted, self-correction results in not taking into
account an additional stumbling error, except if the patient mis-
takes during its resumption.

3. Description of the database
3.1. Database overview

The database used in this study is an extended version of the
MSLT database, already presented in [9]. It consists of the voice
recordings of 105 patients from the Sleep clinic of Bordeaux,
France. Every patient has complaints about sleep disorders and
undergoes a Multiple Sleep Latency Test [10] - MSLT - con-
sisting on asking the patients to take 5 naps a day every two
hours since 9am. The patients are highly phenotyped and phys-
ical characteristics, results of depression, fatigue and long-term
sleepiness questionnaires are collected. The main advantage of
this corpus lies in the fact that it gives both objective (sleep on-
set at each nap, called ”MSTL iteration value”) and subjective
(KSS) values of sleepiness at each iteration. The voice samples
are collected during the reading of a text, that is different at each
session but the same for all the speakers at constant session.

3.2. Speaker selection (exclusion criteria)

Labelling the database with the errors described in Section 2,
some reading profiles have been drawn to exclude subjects from
this study. Admittedly, excluding speakers can reduce the size

of the corpus but this however ensures that the computed vocal
features and reading mistakes are mostly linked to sleepiness,
excluding the influence of pathologies and reading disorders on
these markers.

First, we kept away the patients that have medical his-
tory of stroke or transient ischaemic attacks: the errors made
by these patients could possibly be sequelae of these events
(alexia or visuo-attentional disorder are common sequelae of
these pathologies). Based on this criteria, we have excluded
three patients whom had a very slow reading flow and produced
a lot of errors. In the same vein, patients with current neuro-
muscular pathologies (e.g. disphonia, myotonia, Huntington’s
chorea, epilepsy) are also excluded from the database: involun-
tary muscular contraction or lack of muscular control are likely
to lead to the observation of numerous stumbling errors. Based
on this criteria, three additional patients (respectively suffering
from epilepsy, spasmodic disphonia and Steinert myotony) have
been excluded.

Other criteria concerning more specifically the reading abil-
ities include the Attention deficit disorder (associated or not to
hyperactivity). As a matter of fact, as attention plays an impor-
tant role when reading, these patient may skip words or lines.
It has to be noted that sleepiness may also be the cause of such
behaviour, but differentiating the origin of these mistakes may
prove difficult. As a precaution, we therefore chose to exclude
patients that produce such reading errors. Two patients hav-
ing skipped a row and another being diagnosed with Attention
deficit disorder, the three presenting incoherent readings, their
recordings were removed from the study. Concerning fluency,
we took into account disorders such as stuttering or cluttering
as they are difficult to differentiate from the errors induced by
sleepiness One patient presenting characteristics of cluttering
has therefore been excluded from our corpus. Finally, we also
excluded three patients suffering from dyslexia or disorder im-
plying the deciphering of the text despite having read it silently
a few minutes before.

One supplementary patient suffering from different seri-
ous inflammatory diseases (Crohn, Basedown and Ankylosing
Spondylitise diseases) and not presenting a satisfactory reading
level has been excluded.

Table 1: Concise statistics about the clean database

Women Men Total
#subjects 53 37 91
#samples 115 340 455

mean Age (std) 34.4 (11.7) 37.9 (16.8) 35.8 (14.1)

mean Social Level (std) 5.8 (2.6) 4.5 (2.2) 5.3 (2.5)

mean MSLT (std) 11.82 (4.48) 10.07 (5.01) 11.11 (4.77)

mean KSS (std) 4.5 (1.1) 4.4 (1.4) 4.4 (1.3)
#SL 16 7 23

#NSL 38 30 68

Excluding these recordings, we have kept a total of 91
speakers out of the 105 original ones.

After having excluded the previously mentioned patients of
the database, concise statistics concerning the studied subjects
are presented in Table 1. We clustered patients between Sleepy
(SL) and Non-Sleepy (NSL) using the 8 minutes medical limit
on the mean MSLT value used to assess narcolepsy [10, 11].
Moreover, the social level is measured as the number of years
of study after the French Certificate of General Education.
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4. Statistical results
4.1. Speaker characteristics

To begin with, we plotted the distribution of errors averaged
across all speakers in Figure 1 (plotted with Standard Error
of the Mean - SEM). A first analysis shows that regarding
the total count of all errors, the Sleepy speakers make more
mistakes than their Non-Sleepy counterparts (Mann-Whitney,
U = 464.0, p = 1.9×10−3). The same trend is observed when
considering each type of error separately, except the Syntactic
reversals (Mann-Whitney tests. Stumblings: U = 588.5, p =
3.9 × 10−2; Deletions: U = 482.0, p = 2.7 × 10−3; Addi-
tions: U = 527.0, p = 7.7×10−3; Paralexia: U = 471.0, p =
2.2 × 10−3). As there are few syntactic reversals, we decided
not to consider them for the rest of the study.
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Figure 1: Mean distribution of errors by speaker plotted with
SEM. Stmb: Stumblings, Del: Deletions, Add: Additions, Plx:
Paralexia, SR: Syntactic reversion.
Mann-Whitney tests (*: p < 5× 10−2, **: p < 10−2 ).

Then, we investigated if the total number of errors in each
category correlates (Spearman’s ρ correlation) with the differ-
ent medical and social data available in our database. The social
level or age of the subject does not correlate with the error pro-
duction on our 91 patients, contrary to what we expected.

Interesting results include a correlation between the total
number of additions per patient and their mean MSLT values
over the five iterations of the test (ρ = 0.30, p = 3.0 × 10−3).
This correlation means that the more the patients are affected by
long-term sleepiness diseases, the more they make additions er-
rors. The same observation is made for the total number of par-
alexia, that correlates not only with the mean objective sleepi-
ness value (ρ = 0.25, p = 1.5× 10−2) but also with the mean
subjective sleepiness KSS measure (ρ = 0.27, p = 9.5×10−3).
The fact that paralexia positively correlates with both objective
and subjective mean sleepiness measures indicates that the pro-
duction of this kind of errors increases with the severity of their
long-term sleepiness disease but also with the feeling patients
have of their sleepiness. This has the advantage to help detect-
ing both types of sleepiness but has the drawback to prevent
from differentiating them: a high production of paralexia er-
rors can be due to either a high objective sleepiness level or the
feeling that it is high. Comparatively, the number of additions
errors seems a more robust bio-marker of the sleepiness level of

patients as it only correlates with the mean objective sleepiness.

4.2. Iteration level

Although a correlation between the total number of errors per
patient and their long-term sleepiness, the peculiar influence of
the texts on the error production has to be unraveled. Indeed, the
texts have neither exactly the same size nor the same difficulty
level or the same number of dialogue. Moreover, some time-
dependant variables can affect both the sleepiness level and the
error production, such as the fact that the patients have breakfast
before the first iteration (9am), that they have lunch shortly be-
fore the third iteration (1pm) or that they usually express bore-
dom or fatigue during the last iteration (5pm). In the following,
”iteration influence” means either influence of the text or time-
dependant variables, the two influences not being separable.

Addition, paralexia and MSLT through the iterations of the
test are represented in Figure 2. Paralexia (resp. Additions) and
KSS variations are represented in Figure 3 (resp. Figure 4). To
sort out the contribution of time, MSLT and KSS over the vari-
ations of addition and paralexia errors, we conducted a multi-
variate ANOVA with repeated measures using R [15]. Concern-
ing the paralexia and addition errors, we studied separately the
Sleepy (mean MSLT value ≤ 8, abbreviated ”SL”) and Non-
Sleepy (mean MSLT value >8, abbreviated ”NSL”) subjects.
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Figure 2: Additions, Paralexia and MSLT depending on the it-
eration (plotted with SEM). Plx: Paralexia, Add: Additions.

Observing the variations of MSLT values and additions,
there seems to be an influence of objective sleepiness on ad-
ditions. This is confirmed by the ANOVA tests, that give al-
most significant results on both SL and NSL subjects (NSL:
F = 2.89, p = 9× 10−2, SL: F = 3.40, p = 8.0× 10−2). It
is also to be noted that the variations of the number of paralexia
are linked to the variations of the KSS (NSL: F = 3.49, p =
6.3 × 10−3, SL: F = 7.58, p = 1.2 × 10−2). This did not
appear when computing correlation between the total number
of errors and the mean KSS of the patients (cf Section 3.2) but
appears on Figure 4. The session not having a significant effect
on the production of these errors, we hypothesise that the vari-
ations of the addition errors are mainly due to the variations of
objective and subjective sleepiness, and that they are indepen-
dent from text and other time-dependant variables.

The influence of sleepiness on the production of paralexia
errors is more complex to analyse. Indeed, if the MSLT seems
to have an effect on the variations of the production of paralexia
errors when studying the SL subjects (SL: F = 3.087, p =
8.2×10−2), there does not seem to have an effect of the sleepi-
ness over this type of errors when observing the mistakes pro-
duction of NSL patients (NSL: F = 0.76, p = 0.39). How-
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ever, there is a significant influence of the iteration on both
groups (NSL: F = 2.92, p = 2.1× 10−2, SL: F = 2.53, p =
4.6× 10−2). When labelling the database, it has been observed
that some words are almost systematically mistaken with par-
alexia (for example the word ”méditatif” is often pronounced as
”médiatif”): the influence of the iteration certainly comes from
this bias. As the total number of paralexia per patients correlates
with the mean KSS, we also plotted Paralexia mistakes and KSS
depending on the iterations in Figure 3. Even if the influence of
the KSS is not shown using ANOVA, the paralexia varies in the
same way than the KSS, ascertaining the hypothesis that they
are linked to both subjective and objective sleepiness.
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Figure 3: Paralexia and KSS across iterations, plotted with
SEM. Mann-Whitney tests (*: p<5× 10−2, ***: p<10−3).

1 2 3 4 5
iteration

0.1

0.2

0.3

0.4

0.5

0.6

m
ea

n 
nu

m
be

r o
f a

dd
iti

on
s ±

 S
EM

3.6

3.8

4.0

4.2

4.4

4.6

4.8

5.0

5.2

KS
S

*** * Add
KSS

Figure 4: Additions and KSS across iterations, plotted with
SEM. Mann-Whitney tests (*: p<5× 10−2, ***: p<10−3).

Although we observed a difference between Sleepy and
Non-Sleepy subjects for almost all the categories of errors (Fig-
ure 1), only the total number of paralexia and additions have
shown correlation with mean objective or subjective sleepiness.
They are also the only errors whose variations are explained by
the variations of the sleepiness of the subject.

Concerning stumbling errors, it has been chosen to ignore
the stumbling between words, as they are hard to differentiate
from specific accents or unusual breathing. This could be the
reason for not observing differences between SL patients and
their NSL counterparts, preventing from studying inter-words
hesitations observed during the labelling of the database.

Concerning the deletions of words, we remarked that the
forgotten words are almost always the same. They concern
small transition words that are usually skipped in oral language

(for example ”Il me répéta” instead of ”Et il me répéta” i.e.
”He repeated” instead of ”And he repeated”). We conducted an
ANOVA test that confirms that the variations of the deletions
errors are strongly dependent of the text (influence of the itera-
tion: F = 5.93, p = 1.6× 10−4), preventing them from being
robust biomarkers of the sleepiness state of the speaker. This
raises the necessity to make an in-depth study of the content
of the text, to prevent this phenomena but also to ensure that
they are visually equivalent (dialogues have been observed to
imply some visuo-attentionnal errors) and that the difficulty of
the texts is not the source of the errors made by the subjects.

5. Classification experiment
As a first experiment to classify between SL and NSL speak-
ers, we concatenate the Paralexia and Additions errors from the
five iterations of the test and use this vector as input of a Sup-
port Vector Machine Classifier (linear kernel, C = 1 × 10−2).
As our database has few samples (91 patients), we use Leave
One Speaker Out Cross Validation (LOSOCV): each speaker
is turn by turn isolated to be considered as test, while the oth-
ers form the train set. The result of the estimated class for the
test sample is then added to a global confusion matrix. Scal-
ing the train set, training the SVM parameters and evaluating
the system for each iteration of the LOSOCV, we obtain an un-
weighted accuracy recall (UAR) computed from the global con-
fusion matrix reaching 61.5% (Sensibility: 36.0%, Specificity:
83.8%). For comparison purposes, we evaluate the same system
with the concatenation of all type of errors, leading to an UAR
of 61.4% (Sensibility: 52.2%, Specificity: 70.6%). While the
performances obtained by this system are not very good, it will
be interesting to see how it may combine with classical systems
using very different features.

6. Conclusions
In this paper, we have elaborated new features for sleepiness
detection based on measurements of reading errors. Measur-
ing these errors provides two advantages: they may be used to
exclude speakers from databases (either related to their reading
level or to pathologies) but also to assess their sleepiness level.
Correlations are indeed shown between some of our measure-
ments and objective and subjective sleepiness measurements.
We have also shown that these new features can be used for
classification. This could be used to improve classical systems
relying on different kinds of features.

The next step of our research will be to find a way to auto-
matically detect the reading errors we presented here, using au-
tomatic speech transcription systems. Future works will also in-
clude the elaboration of measurements adapted to spontaneous
speech and fusion of classical systems features and our new fea-
ture set.
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