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Abstract.
Background: Speech variations enable us to map the performance of cognitive processes of syntactic, semantic, phonological,
and articulatory planning and execution. Speaking is one of the first functions to be affected by neurodegenerative complaints
such as Alzheimer’s disease (AD), which makes the speech a highly promising biomarker for detecting the illness before the
first preclinical symptoms appear.
Objective: This paper has sought to develop and validate a technological prototype that adopts an automated approach to
speech analysis among older people.
Methods: It uses a mathematical algorithm based on certain discriminatory variables to estimate the probability of developing
AD.
Results and Conclusion: This device may be used at a preclinical stage by non-expert health professionals to determine the
likelihood of the onset of AD.
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INTRODUCTION

Alzheimer’s disease (AD) is an insidious and pro-
gressive neurodegenerative disorder that is clinically
defined by the impairment of certain cognitive and
functional abilities. Numerous longitudinal studies
have reported that cognitive impairment could be
detected long before the appearance of prodromal
symptoms (between 8 and 15 years prior to the diag-
nosis of AD) if a suitably sensitive measurement
could be found [1–3]. There is currently an ongo-
ing global search for markers of the very early, and
perhaps reversible, pathological changes related to
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AD in individuals that are still cognitively unim-
paired, prior to the appearance of the first symptoms.
The minor cognitive changes during the prodromal
phase have been described in sundry studies address-
ing a range of cognitive processes, with the ones
most widely used being an early decline in episodic
memory [4] or the changes in semantic memory and
the visuospatial function [5]. The evolution of this
preclinical phase is measured by factors such as cog-
nitive reserve [6], especially in individuals in whom
the subjective awareness of such impairment and
their compensatory mechanisms temporarily allevi-
ate their cognitive deficits and impede early detection
in neuropsychological tests [3].

The contention in recent years has been that speech
and language disorders are deficits that precede even
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the first memory lapses in patients with AD, and they
may be a good predictor of the disease [7–9]. These
alterations have been observed both in narrative tasks
involving the description of images, in which seman-
tic alterations are symptoms of the disease [10, 11],
as well as in reading tasks [12]. Cognitive impair-
ments in language involve the early appearance of
semantic paraphrasing [13] with grammatical and
lexical simplification [7], and problems in lexical-
semantic access that lead to the early onset of anomic
aphasia [13]. They both characterize a multifacto-
rial alteration of semantic content and access to the
same [14]. Alterations have also been detected in ver-
bal fluency [15], prosody [16], and speech rhythm
[17–19]. There is nothing new about the considera-
tion of phonetic-phonological factors in relation to
the symptoms of AD, and this was even stated by
Alois Alzheimer himself back in 1907 [20], when
describing the oral output of patients with the demen-
tia named after him as slurred speech, which is
slow and fluctuating, monotonous, tremulous, hes-
itant, weaker, with no control over breathing, with
articulatory apraxia, a low melodic level, and slower
rhythm. In short, there seems to be an irrefutable
link between speech and mental processes [21],
whereby analyzing the former may constitute a reli-
able and valid way of assessing an individual’s
cognitive state.

Speech involves converting ideas into sound
patterns, and any variations during spontaneous
speaking may reveal performance difficulties regard-
ing phonological, morphological, lexical, syntactical,
or thought processes [22]. Speech alterations are
present in preclinical states of AD, being one of
the first functions affected by neurodegenerative pro-
cesses due to subtle alterations in a person’s anatomy
and histology. Alterations in acoustic and speech
rhythm are imperceptible to the human ear, but the
development of technologies in Automatic Speech
Analysis has led to the identification and effective
extraction of these acoustic and temporal parameters.
Vocal biometry or automatic speech analysis would
be an ideal tool for assessing cognitive deficits or
alterations among older people at risk of developing
AD, given that it allows the real-time recording of
verbal planning, sequencing and performance [11].
This procedure is informed by Source-Filter Theory,
according to which speech is the outcome of the mod-
ulation of sound as an airflow that can be analyzed
as a mathematical circumvolution of the functions
of the source (Fourier transform) and of the filter
(frequencies [23]).

Automatic speech analysis has already been used
in research into neurological complaints among chil-
dren [24], in cases of Parkinson’s disease [25],
and brain damage [26]. In the case of AD, the
scope of automatic speech analysis has been espe-
cially ground-breaking and has received considerable
attention detailing the characteristics of speech
impairment among people with AD (see review in
[15, 22].

Speech in AD has been characterized by changes
in different temporal and acoustic voice parameters,
such as the following: alteration to the second and
third formant (sdF2 and sdF3) in the speech spec-
trum [12, 27]; attenuation of the speech signal and
a shorter vowel duration [16, 28]; a greater number
of voice breaks and hesitations [12, 29]; more pauses
when speaking, or a lower rate of expressive articu-
lation [19]. Other important speech variables in the
early detection of the first signs of cognitive impair-
ment are the average length of pauses and syllables,
phonation time, and the mean of the fundamental fre-
quency [18, 30]. The significance of speech analysis
lies above all in its major discriminatory capacity,
which according to some studies [22] is more than
91.2% accurate in distinguishing between individuals
with AD and those without dementia. This algorithm
provides the profile of a voice with interruptions and
breaks, monotony with few variations and shades of
intensity over time, little control over the use of high
frequencies, producing a high-pitch sound without
the hoarseness typical of older people, and with lit-
tle stability in its fundamental frequency. Besides
these parameters, another original way of analyzing
speech in dementias that we are going to consider
involves the study of speech rhythm alterations [18].
Rhythmic differences between groups, with a higher
variability of syllable interval duration in AD patients
(�S value), can differentiate between AD patients
and older adults without dementia with an accuracy
of 87% (ROC Curve, specificity 81.7%, sensitivity
82.2%).

These findings suggest that such prediction func-
tions could be automated and used to detect the
probability of the onset of the early stages of demen-
tia. To do so, we have re-analyzed all the samples
available from prior studies using processing scripts
that include both acoustic parameters and parameters
of alterations in speech rhythm. The combination of
both types of variables should provide more effective
and simplified discriminant indices.

The aim of this study was therefore to design, test,
and validate an original and effective prototype for
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automatic speech analysis, using algorithms for clas-
sifying the features related to early AD and obtaining
estimates on the likelihood of developing the disease.
With a view to achieving this, the prototype should be
based on the experimental data reported in scientific
journals, and should be a device of a non-invasive
nature, small enough to be carried, reliable, and easy
to use by any non-expert socio-health professional.

The development of an automatic analysis technol-
ogy as an early detector of AD has numerous benefits
[31]: it permits early access to pharmacological and
cognitive treatments that delay the onset of the disease
and defer the need for specialized institutionalization
[32]; it may also lead to the detection and treatment
of other functional issues (spatial-temporal orienta-
tion) and behavioral ones (depression, anxiety, sleep
disorders) and many other comorbidities, reducing
the financial and personal costs of AD [33]. Finally,
it improves a patient’s quality of life, their access to
social services, and their future outlook.

METHODS

Participants

The development of the VAD-AD prototype is
based on experimental studies involving older people
that feature in the speech sample database com-
piled by our research team with native European
Spanish speakers. In prior studies, these samples
have provided the algorithms forthcoming from the
discriminant functions and/or ROC curves for the
classification or not of AD, as described earlier.

A total of 145 registers were used as the sample
for obtaining and adjusting the decision algorithms
in the prototype’s design (see Table 1 on group
characteristics). Participants had to be aged between
65 and 95 and were required to have more than six
years of primary education in order to ensure they
were fully literate; they should still be able to read
and score less than seven on the Goldberg depression

test. Participants not fulfilling these criteria were
excluded. As further exclusion criteria, we used the
medical record of drugs or alcohol consumption;
being under pharmacological treatment affecting
cognitive functions or presenting visual or auditory
deficits. Anyone who had previously suffered from
head injuries or psychosis was also excluded.

Non-pathological participants were recruited from
the primary care unit and were thereupon classified as
asymptomatic subjects on the basis of the assessment
made by our research group. Ninety-eight partici-
pants formed the non-pathological senescence (NPS)
asymptomatic group. The group of early AD patients
comprised 47 residents from the State Reference Cen-
tre for Alzheimer’s, who were previously diagnosed
according to the Spanish National Health System, and
whose AD diagnosis was later confirmed according
to GDS stages 3 (mild cognitive impairment) and
4 (moderate cognitive impairment) by the Centre’s
medical and neurological service, following the cri-
teria of NINCDS-ADRDA [34].

Material and procedure

The VAD-AD prototype’s automated process
involves the following steps: 1) using a microphone
to record the signal; 2) using a converter to digitize
the signal; 3) the subsequent analysis and processing
of the digital signal using phonetic analysis soft-
ware that captures the physical dimensions of the
soundwave and analyses their different parameters
(articulatory rhythm, intensity of the voice in sonor-
ity, intensity of the voice in amplitude, emission time,
analysis of the speech rhythms in pauses, accents
or voice breaks, variations in the frequencies of
the sound signal, timbre or formant structure); and
finally, 4) the presentation of the results in the form of
numerical parameters that can be interpreted to iden-
tify specific alterations in speech fluency, acoustics,
and prosody due to changes in cognitive processing
[31].

Table 1
Groups’ characteristics

Group
NPP AD Minim. / Max

Average age (SD) 76.18 (6.44) 80.83 (6.39) 61 / 95
Men - Women 30–68 14–33
Years of schooling (SD) 9.46 (3.45) 8.51 (3.65) 6 / 20
MMSE ponderated (SD) 28.16 (2.24) 20.30 (6.51) 19 /32
Buschke’ MIS (SD) 7.43 (0.92) 2.86 (2.21) 0 / 9
Fluency Isaacs’ Test (SD) 37.33 (3.53) 2623 (10.13) 4 / 40
Goldberg’s Depression Test 1.45 (1.73) 1.43 (1.87) 0 / 5
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Fig. 1. Prototype for the Voice Analysis Diagnosis of Alzheimer’s Disease (VAD-AD).

The analyzer’s prototype is a model made up
of sundry independent modules of electronic com-
ponents available on the market. These operate
sequentially toward the end goal of using the record-
ing of a physical sound signal to provide the level
of probability that the person being assessed will
develop AD. The automatic analyzer includes the
three key functions required for this purpose: record-
ing the person’s speech, a spectrographic analysis
of the voice recorded, and the automatic calcula-
tion of the percentage of probability of developing
AD based on the appropriate discriminant algorithm.
This means that the VAD-AD analyzer simplifies,
speeds up, and automates the diagnosis of this
dementia. As we shall see in due course, these auto-
matic calculations have required discarding some of
the variables obtained in experimental studies and
designing algorithms with variables that do not need
manual recoding. In sum, the VAD-AD device is intu-
itive (i.e., it does not require any training prior to its
use), straightforward, very reliable and quick, which
permits gathering data series in a systemized and
automatic manner.

Components of the VAD-AD

All the components are powered by a Micro USB
5v 3000 mA mains AC-DV adaptor. The single-board
computer (SBC) is a Raspberry Pi3 Model B (1.2Gz
to 64-bit quadcore ARM CPU), with 1 GB of mem-
ory RAM LPDDR2, and USB 2.0, using the LINUX
operating system. The SoC boards have a proven

track-record in the creation of small devices with
major computation and storage capabilities. A sin-
gle circuit board holds a microprocessor, primary
memory (RAM type), standard input and output
ports, internet connection, programmable databases
for adding other hardware, etc. The audio output has
a 3.5-mm HDMI connector, and the video output
involves an RCA connector (PAL and NTSC), HDMI
(rev 1.3 and 1.4) with a display serial interface (DSI)
for its LCD panel (Fig. 1). The screen and all the
other components are mounted inside a 3D modelled
casing.

The voice recording system uses a unidirectional
lavaliere lapel clip-on microphone, model Sony
ECM-CS10.CE7, providing the necessary quality for
spectrographic analysis. It is connected using an L-
shaped 3.5-mm mini jack plug. It has a signal-noise
ratio of 38 dB SPL, with an output impedance of 1.9
Kiloohms + –30%. The maximum input sound pres-
sure level is 110 dBm, with harmonic distortion of
3% at 1000 Hz. The spectrum of frequencies ranges
from 50 to 15000 Hz.

Recording is controlled through a 3.5-inch Touch
Screen TFT LCD (A) 320*480 user interface. The
patient’s data are inputted using a standard keyboard:
the fields include data on name, age, sex, years of
study, as well as the score recorded in the Gold-
berg Depression Test [35]. Once these data have been
introduced, recording may begin, following which
the speech analysis is conducted. The voice recording
involves reading aloud the first paragraph (in Spanish)
of the novel Don Quixote, by Miguel de Cervantes,
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Table 2
Comparison of the voice parameters used between older people undergoing normal aging and those diagnosed with AD. T-tests for independent

samples, means of the two groups, and lower and upper confidence intervals

Parameters HS mean AD mean t
(sd) (sd)

Acoustic Voice Quality Index (AVQI) 6.40 (1.39) 5.79 (1.22) 2.569**
Acoustic Voice Quality Index (AVQI) NHR 0.17388 (0.07) 0.14511 (0.14) 2.363*
F0 Rank Hz 414 (115) 466 (95) –2.897*
Amplitude dB Mean 74.99 (2.04) 72.58 (2.68) 5.440**
Amplitude Maximum Difference mean 10.91 (1.54) 13.45 (2.42) –7.645**
Amplitude Minimum –1.56 (98.36) 21.99 (15.99) –2.308*
Asymmetry 10.05 (4.41) 8.57 (4.01)
NoiseHarmonic Ratio 0.19 (0.08) 0.15 (0.07) 2.744**
HarmonicNoise Ratio sd 6.01 (0.78) 5.66 (0.85) 2.461**
F1 Hz 855 (417) 880 (417)
F1 Hz sd 343 (107) 439 (104) –5.108**
F3 Hz 2955 (447) 3157 (423) –2.597**
F3 B3 549 (106) 595 (105) –2.445*
TrajIntraZ 15.74 (3.48) 16.88 (4.94) 2.193*
nPVI 55.55 (5.31) 60.58 (7.52) –4.120**

*p < 0.01; **p < 0.001.

with a phonation time sequence of between 25 and
45 seconds. The voice recording format is prepared
for the speech analysis software through the use of a
Creative Sound Blaster Play sound card. The sound
data are checked and digitized using the Audacity
program.

The software for the speech analysis is auto-
matically run by the prototype’s Praat 6.0.19 voice
analysis program for LINUX [36]. Praat analyses
the parameters of the classifying algorithms designed
accordingly. There are two steps for loading the anal-
ysis processes into the prototype: the restatement of
the algorithms obtained experimentally with a view
to automatically performing the calculations in the
prototype (deleting the variables produced by two
recombinations in simpler variables); and the joint
use of two kinds of prediction variables: acoustic
and temporal parameters for sound analysis [22] and
parameters for the velocity of articulatory movements
[18].

The following steps were taken to validate the new
model for predicting AD:

1) The average values of the voice registers were
compared between the samples of asymptomatic and
early AD individuals, with the results shown in
Table 2, indicating those that recorded significant dif-
ferences (see Supplementary Table 1 for glossary of
acoustics terms).

2) The variables that recorded significant differ-
ences and the age of the participants were used
to conduct a discriminatory analysis through the
step-to-step procedure, using the latter as predictor
(independent) variables on the dependent variable

Table 3
Coefficients of the discriminant function

Parameters Standardized
coefficients

Amplitude Maximum Difference mean 0.622
Amplitude Minimum 0.702
Age 0.461
F1 sd 0.376
nPVI 0.505
HNR sd –0.437
AVQI HNR sd –0.478
Asymmetry –0.386
TrajIntra 0.289
F3 B3 0.171

(non-pathological versus AD groups). The initial
outcome of this analysis was a highly significant dis-
criminant function (see Table 3). The values of the
Discriminant Function are Autovalue (1.615), per-
centage of variance (100%), canonical correlation
(0.786), the Wilks Lambda (0.382), and Chi-square
value (132.65, p < 0.001).

This function is parsimonious inasmuch as it
includes solely those variables that make a signifi-
cant contribution to the prediction of the dependent
variable. These variables were as follows: age; mean
of the voice’s minimum amplitude in each utterance
(Amplit Min); mean of the value of the maxi-
mum amplitude difference value in each utterance
(Amplit Diferenc Max Mean); location of the mean
frequency within the interval of frequencies (Asym-
metry); the value of the standard deviation of the
first formant (sdF1); the size of the bandwidth of
the third formant (F3 B3); pitch trajectory (sum of
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Table 4
Mean values and standard deviation for the conversion of direct

scores into standardized ones

Z points Parameters Mean (sd)

z Amplit Dif max med 11.736 (2.2128)
z Amplit min dB 6.071 (81.981)
z Age 77.690 (7.190)
z F1 ds 374.110 (115.190)
z nPVI 57.178 (6.535)
z HNR sd 5.899 (0.817)
z AVQI NHR dB 0.164 (0.070)
z Assymetry 9.575 (4.329)
z TrajIntraZ 4.798 (1.656)
z F3 B3 563.613 (107.740)

absolute intervals) within syllabic nuclei, divided
by duration (in ST/s) (Traj Intra); normalized Pair-
wise Variability Index (nPVI); the standard deviation
of the harmonics-to-noise ratio (sdHNR), and the
harmonics-to-noise ratio (HNR) extracted from the
Acoustic Voice Quality Index (AVQI HNR). Sec-
ondly, the standardized coefficients were obtained
for each one of the dimensions of the voice regis-
ters playing a significant part in the prediction (see
Table 3).

3) Given that the measurements provided by Praat
are direct scores of the register, they have been stan-
dardized (the mean value is subtracted from each
direct value and the difference is divided by the value
of the standard deviation) for their inclusion in the
discriminant function. Table 4 shows these values.

These standardized scores and coefficients are
therefore used to construct the discriminant function
that provides the final score (PF in its Spanish abbre-
viation): PF = (0.6216 * z Amplit Dif max med) +
(0.7018 * z Amplit min dB) + (0.4609 * z Age) +
(0.3763 * z sdF1) + (0.5055 * z nPVI) – (0.4368 *
z sdHNR) – (0.4782 * z AVQI NHR dB) – (0.3857
* z Asimetria) + (0.2892 * z TrajIntraZ) + (0.1709 *
z F3 B3). The final score is compared to the centroids
(each group’s reference values), which are –0.874 for
the NPS group and 1.822 for older people with AD.
These figures describe the characteristic value of peo-
ple with NPS and those with the early onset of AD.
We may assess the adjustment of each voice to the
model prototype for each one of the samples (see
Fig. 2, spectrogram of the prototype voice for each
voice sample).

4) The application of this function to the same par-
ticipants informs us about the degree of coincidence
between an individual diagnosis (with or without
AD) and that predicted by the function, and thereby
ascertain the extent of the proposed model’s crossed

validity. The outcome was that each participant was
correctly classified in 92.4% of the cases (a classi-
fication of normality is predicted in 97% of cases).
In the control cross-validation, these variables cor-
rectly classified 91% of the cases (rising to 97% in
the case of the normality group). In addition, based on
the final score the procedure described provides the
degree of probability of belonging to the NPS and AD
groups. Table 5 shows the probabilities (expressed as
a percentage) corresponding to each value of the final
score as regards its association with “Normality”. The
complement to this probability should be understood
as the “Probability of developing AD”. The interval
of values ranges from “Normality highly probable”
to “Dementia highly probable”.

The internal data recorded are stored on a 32GB
microSDHC memory card, and a summary of the
assessment may be printed using a Mini Ther-
mal Receipt Printer Starter Pack. The data can be
downloaded to a Kingston Digital 8GB USB 3.0
DataTraveler 50. The prototype has now progressed
to stage 3 in the clinical validation process.

DISCUSSION

Our experimental work in recent years has led
to the development of an original technique with
unique features for measuring changes in cognitive
language skills in any disorder that affects speech
processes. The automatic voice analyzer is an innova-
tive, reliable, non-invasive and economical response
to current demands in society, in which the rate of
AD is steadily increasing. One of the most important
aspects of VAD-AD is its ability to automatically ana-
lyze temporal and acoustic voice markers to flag the
onset of AD in its pre-clinical states. We are not the
only ones to have detected these markers [12], as other
research groups have done so independently [22, 37],
thereby confirming their major scope for diagnosing
AD.

As a diagnostic tool, the VAD-AD is a small,
light, portable device, which means it can be used
almost anywhere in terms of space and/or loca-
tion. It is wholly suitable for use during normal
assessment procedures in clinical-health facilities.
One of the VAD-AD analyzer’s main advantages
is its non-invasive nature, which contrasts with the
PET imaging, or cerebrospinal fluid punctures [38].
What’s more, VAD-AD involves a test that does not
require any further training on the part of the eval-
uator, and any professional that wishes to assess a
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Fig. 2. Waveform (upper panel) and broadband spectrogram (middle panel) for the sentence “En un lugar de la Mancha” (In a village of La
Mancha) showing the spectral energy of the sound over time; below, the speaker’s pitch contour superimposed. The spectrogram shows the
speech emissions from a normal 84-year-old male (A) and an 80-year-old male patient with Alzheimer’s disease. Lower figure (B) shows
a flat, low intensity, and monotonous speech, without inflection. It also shows that the spectral fine structure of the speech signal is highly
degraded (presence of noise between harmonics, substitution of harmonics by noise, graphical irregularity, and reduced series of harmonics),
essentially resulting in a great loss of speech clarity.

patient may do so. Easy to use by professionals, this
device may be deployed by any center or facility
specializing in the treatment and diagnosis of patho-
logical senescence, which will find it easy to use at
an affordable cost.

Although this study confirms the predictive
power of VAD-AD—coinciding with other Euro-
pean research groups involved in the same line of
work [17], it should be noted that speech and voice
alterations do not always have a clear etiologic, which

means that more research is required in this field to
gain a more precise understanding of the predictive
value of the variables in question, and possibly dis-
cover other variables that have not been considered
here. We are currently working on the design of a
model for testing speech and language that will enable
us to include more variables associated with the lan-
guage pathology caused by neurodegeneration. We
are therefore aware of the limitations of the language
test used in the VAD-AD prototype and of the need
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Table 5
Probability comparison scale

Punctuation Probability Assessment

Higher than 2.2910 <1 Very likely dementia
1.9828 to 2.2909 1
1.7472 to 1.9827 2–3
1.6683 to 1.7471 4–5
1.6678 to 1.6682 6
1.4709 to 1.6677 7
1.4155 to 1.4708 8–9
1.3924 to 1.4154 10–12 Probable dementia
1.3127 to 1.3923 13
1.2582 to 1.3126 14
1.2429 to 1.2581 15
1.2260 to 1.2428 16–19
1.1116 to 1.2259 21–25
1.1614 to 1.1115 26–27
0.9802 to 1.1613 28–29
0.8829 to 0.9801 30–32
0.8705 to 0.8828 33–46
0.7566 to 0.8704 47–55 Borderline case
0.6295 to 0.7565 56–57
0.4699 to 0.6294 58–63 Probable normality
0.33392 to 0.4689 64–74
0.2123 to 0.3392 75–79
0.1591 to 0.2122 80–82
0.0566 to 0.1591 83–87
0.0352 to 0.0565 88–89
–0.1093 to 0.0351 90–91 Very likely normality
–0.1619 to –0.1094 92
–0.2327 to –0.1620 93
–0.3158 to –0.2328 94
–0.4714 to –0.3159 95
–0.4848 to –0.4715 96
–0.7264 to –0.4849 97
–0.8351 to –0.7265 98
–1.0000 to –0.8352 99
Lower to –1.0000 >99

to review it, not only for including the component of
its spontaneous production, but also to fulfil the crite-
rion of the phonetic representativeness of the samples
analyzed.

Finally, the assessment of the early diagnosis of
dementia should be accompanied by the battery
of neuropsychological tests professionals’ use, as a
negative result in a voice analysis in the case of
neuropsychological assessment requires sending a
potential patient for a full neurological evaluation.
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Krankheitsfälle des späteren Alters” (On certain peculiar
diseases of old age). Hist Psychiatr 2, 71-101.

[21] Deramecourt V, Lebert F, Debachy B, Mackowiak-
Cordoliani MA, Bombois S, Kerdraon O (2010) Prediction
of pathology in primary progressive language and speech
disorders. Neurology 74, 42-49.

[22] Meilán JJG, Martı́nez-Sánchez F, Carro J, Carcavilla N,
Ivanova O (2018) Voice markers of lexical access in
mild cognitive impairment and Alzheimer’s disease. Curr
Alzheimer Res 15, 1-10.

[23] Titze IR (2008) Nonlinear source–filter coupling in phona-
tion: Theory. J Acoust Soc Am 123, 2733-2749.

[24] Gabani K, Sherman M, Solorio T, Liu Y, Bedore L,
Peña ED (2009) A corpus-based approach for the predic-
tion of language impairment in monolingual English and
Spanish-English bilingual children. Proceedings of Human
Language Technology conference - North America. Chap
ACL (HLTNAACL), Boulder, pp 46-55.

[25] Tsanas A, Little MA, McSharry PE, Spielman J, Ramig
LO (2012) Novel speech signal processing algorithms for

high-accuracy classification of Parkinson’s disease. IEEE
Trans Biomed Eng 59, 1264-1271.

[26] Pakhomov SV, Marino SE, Banks S, Bernick C (2015) Using
automatic speech recognition to assess spoken responses to
cognitive tests of semantic verbal fluency. Speech Commun
75, 14-26.

[27] Martı́nez-Sánchez F, Meilán JJG, Carro J, Sánchez JA,
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