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ABSTRACT

This paper aims to identify possible phonetic biomarkers of Developmental
Language Disorder (DLD) in Italian preschool children.

Speech samples, collected during three retelling tasks, were transcribed and pro-
cessed through a computational pipeline. A set of acoustic and rhythmic parameters were
automatically extracted from the recordings and analysed by using descriptive and infer-
ential statistics.

Our work demonstrates that i) language difficulties of DLD take the form of
reduced fluency and speech disruptions ii) some acoustical characteristics of the voice
(e.g., the mean value of the fundamental frequency) can distinguish language-impaired
children from peers. These results suggest that automatic voice and speech analysis could
provide new markers of the DLD - markers that are not audible to the human ear and
therefore fall outside the possibilities of conventional paper-and-pencil neuropsycholog-
ical tests.

Keywords: Developmental Language Disorder, Italian preschoolers, speech analysis,
NLP techniques, digital linguistic biomarker

I. INTRODUCTION

1.1 Developmental Language Disorder: definition and diagnosis

The identification of developmental difficulties in the child’s acquisition
pathway of language is a core activity for paediatricians, neuropsychologists,
and speech therapists (Reilly er al. 2015). Linguistic problems are quite com-
mon in the early developmental stages: by 30 to 36 months of age up to 17.5 %
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of toddlers are “late talkers”, namely, experience a late language emergence in
absence of developmental delays in other cognitive or motor domains (Horowitz
et al. 2003). Only a subset of these children (approximately 50% to 70%, called
“late bloomer” in the scientific literature) catch up to their peers in language
skills by the age of three to five without therapeutic intervention (Paul et al.
1996; Dale et al. 2003). The remaining children are at risk for developing lan-
guage and/or literacy difficulties as they grow up (McKean et al. 2017).

In particular, at the age of four, they can be diagnosed with Developmental
Language Disorder (American Psychiatric Association 2013; Bishop et al. 2017;
Sansavini et al. 2021), when language skills are persistently below the level
expected. In this clinical condition, language deficits occur in the absence of
a known biomedical condition (e.g., autism spectrum disorder or Down syn-
drome), and hearing or sensory-motor impairments, interfering with the child’s
ability to communicate effectively with caregivers and peers.

Since DLD can negatively impact children’s psychosocial outcomes and
academic attainment (Redmond & Timler 2007a; 2007b; Redmond 2011), early
identification and intervention are crucial to avert long-term repercussions in
emotional well-being in adult life (Bortolini et al. 2006). The evaluation of pos-
sible DLLD must be addressed by a multi-professional healthcare team (Marotta
& Caselli 2014; O’Hare & Bremner 2016), and all language competencies
should be investigated through both quantitative tests and qualitative analysis, at
the receptive and expressive levels.

In this framework, the usage of “clinical markers”, namely measurable and
quantifiable parameters which can support health- and cognitive-related assess-
ments, plays a crucial role in the timely identification of the disorder. However,
as stated by Bortolini et al. (2006), the search of clinical markers for this neu-
rodevelopmental condition is extremely challenging for at least three reasons:
(1) most salient symptoms, behavioural in nature, usually differ from typical
language trajectories in degree, not kind; (ii) signs may vary over time, therefore
some symptoms suggesting impairment at an older age might be quite unre-
markable at a younger age; (iii) through across-linguistic comparison appears
that despite the markers of DLD have some common denominators (Leonard
2014) they are largely language-specific. Moreover, a considerable variability
characterizes the clinical presentation of the disorder, and a huge disagreement
amongst professionals arises concerning how to interpret it, complicating both
understanding the nature of this condition and the adoption of the best clinical
framework for the diagnosis and treatment.

To date, linguistic markers for the identification of DLD in Italian pre-
schoolers are non-word repetition and the production of direct-object clitic pro-
nouns, with 90% sensitivity and 100% specificity (Bortolini et al. 2006; Arosio
et al. 2014). These linguistic elements are usually investigated by clinicians in
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standardized settings, with conventional batteries for language assessment, with-
in a broader evaluation process of communicative skills.

1.2 Quantitative linguistic methods and NLP techniques for pathology
detection, monitoring and treatment

In recent years, the field of health research has shown a burgeoning incre-
ment in the use of Natural Language Processing (NLP) strategies and methods
(Velupillai et al. 2018).

A growing body of scientific evidence proved that quantitative linguistic
features, easily extractable from a patients’ verbal productions through NLP
techniques, can be very useful in distinguishing subjects with various cogni-
tive impairments from healthy controls, even at a very early stage. Cognitive
frailty assessment is the most intensively studied domain (Martinez-Nicolés et
al. 2021), but this approach is gaining increasing popularity, with encouraging
results also in the field of developmental pathologies (Solorio 2013). In this
sense, “‘subtle language disruptions can be employed as digital linguistic bio-
markers, namely objective, quantifiable behavioural data that can be collected
and measured by means of digital devices, allowing for a low-cost pathology
detection, classification, and monitoring” (Gagliardi et al. 2021). This approach
shows several advantages compared to classical pen-and-paper neuropsycholog-
ical tests: among these, its administration is completely non-intrusive and not
prone to human-rater bias. Moreover, this technology can support the discovery
of novel validated indexes for making prompt and more accurate diagnoses, that
go beyond current signs-based criteria, also allowing for low-cost monitoring of
patients over time.

Computer-based speech therapy systems (or virtual speech therapists
- VSTs) are also spreading for the rehabilitation of children and adults with
speech, hearing, or language disorders. These instruments usually combine NLP
and Al technologies, such as automatic speech recognition (ASR) and speech
synthesis algorithms, to target a specific communication deficit by adopting a
predefined therapy program (Chen et al. 2016).

Even though more rigorous evaluation practices and large benchmarks are
needed to improve reporting standards and results, NLP methods can be very
impactful in health outcomes research.

1.3 Automatic Voice analysis: a promising candidate as DLD digital
biomarker

The assessment of speech, at the segmental and suprasegmental level, is
extremely important for the diagnosis and remediation of speech and language
disorders in childhood. This is particularly true for DLD children, who were
reported to show difficulties in the processing of rhythmic structure, both in
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music and prosody (Van Der Meulen et al. 1997; Goffman 1999; Wells & Peppé
2003; Caccia & Lorusso 2021) and subtle motor deficits (Diepeveen et al. 2018).

Many computational instruments have been developed, in recent years, to
assess verbal productions of children (van Santen et al. 2009; Dudy et al. 2018),
but a lot of relevant issues still need to be answered.

In particular, most of the works focused exclusively on Autism Spectrum
Disorders - ASD, both describing the acoustical and perceptive characteristics
of the voice (McCann & Peppé 2003; Broome et al. 2017; Fusaroli et al. 2017),
such as pitch and speech spectrum, and trying to detect this neurodiversity from
vocal cues (Van Santen ef al. 2010; Tanaka et al. 2014; Bone et al. 2015; Parish-
Morris et al. 2016; Baird et al. 2017; Deng et al. 2017; Pokorny et al. 2017,
Lin et al. 2018; Kumar ef al. 2018; Cho et al. 2019; Hauser et al. 2019; Li et al.
2019; Saturday & Kabari 2020). The literature does not report conclusive evi-
dence for a single acoustic marker of ASD (Fusaroli ef al. 2017), nevertheless,
the classification process reaches fair results.

Less attention has been paid to neurodevelopmental disorders other than
ASD, including Developmental Language Disorder, and most of the study put
in comparison the two clinical populations. For example, Kiss et al. (2012) ana-
lysed the prosody of both children with ASD and DLD compared to typically
developing peers, founding several significant differences in the pitch character-
istics of these diagnostic groups, and achieving performances of classification
well above chance level. Very interestingly, they did not find significant differ-
ences between the ASD and DLD subgroups, suggesting that some of the atyp-
ical speech alterations may not be specific to autism but instead may be part of
the phenotype of several disorders or may indicate comorbidity.

In a similar way, a sample of DLD children was included in the Autism
Sub-Challenge of the INTERSPEECH 2013 COMputational PARalinguistics
ChallengE (ComParE), the most relevant shared task on the topic that engaged
the NLP community over the last decade (Schuller et al. 2013; 2019). The
participants were requested to determine the type of pathology of a speaker
by using a suited classification algorithm and several acoustic features. The
task was conduct on the corpus “Child Pathological Speech Database” (CPSD)
(Ringeval et al. 2011), which contains 2542 speech recordings uttered by 99
French children (age range 6-18), of which 35 with Developmental Disorder
(Autism, DLD, or Pervasive Development Disorder non-otherwise speci-
fied-NOS) and 64 controls. Even though the ComParE Initiative allowed to over-
come comparability issues regarding data sets, evaluation measures, baseline
systems, and testbeds, the systems generally achieved mediocre/fairly good
results (best Unweighted Average Recall - UAR: 69.4%) (Asgari et al. 2013;
Bone et al. 2013; Gosztolya et al. 2013; Kirchhoff et al. 2013; Lee et al. 2013;
Martinez et al. 2013; Risdnen 2013). Moreover, the employed speech data is not
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spontaneous, since the corpus contains prompted imitation of 26 sentences with
different modalities (e.g., declarative, interrogative) and four types of intonation
(i.e., descending, falling, floating, and rising): therefore, these applications can-
not be readily exported to actual clinical settings.

To the best of our knowledge, only a few recent studies specifically tack-
led the identification of DLD. Ramarao et al. (2018) applied Extreme Learning
Machine (ELM) to discriminate typically developing from DLD children,
using Gaussian Posteriograms learned on Mel-frequency cepstral coefficients
(MFCCs). The system reached an accuracy of 99.41%. Reddy et al. (2020)
proposed an approach based on time- and frequency- domain glottal parame-
ters, Mel-frequency cepstral coefficients, and acoustic parameters extracted by
openSMILE toolkit (Eyben et al. 2013), getting 98.82% of accuracy by employ-
ing neural network classifiers. Finally, Sharmaand Singh (2020) evaluated the
distinction proficiency of pitch-based features (extracted from children’s pho-
nation of the vowel /a/) to classify DLD and typical peers, exerting a k-NN clas-
sifier with Neighborhood Component Analysis (NCA) approach to perform the
task. The model pledges an accuracy of 97.93%.

These last results, while isolated, are very encouraging in view of design-
ing a computer-aided diagnostic system for DLD and other Neurodevelopmental
Disorders.

2. RATIONALE OF THE STUDY

This work aims to identify subtle voice alterations in the speech of Italian
children, which can support the diagnosis of DLD. To this purpose, the verbal
productions of preschoolers diagnosed with language impairment and aged-
matched peers were analysed through NLP techniques, extracting acoustic and
rhythmical features.

This explorative study represents the first step in the wake of discovering
digital linguistic biomarkers supporting the diagnosis of DLD among Italian
children: as a matter of fact, a large amount of scientific work has been devot-
ed to the description and automatic analysis of atypical prosody in the Autism
Spectrum Disorders, while other Neurodevelopmental Impairments remain
largely unexplored.

Moreover, as far as we know, this is the first attempt to perform such kind
of analysis on Italian-speaking children: this is a quite relevant issue since pro-
sodic, rhythmical, and typological peculiarities may strongly affect the discrim-
inative power of the speech parameters in different languages, strongly limiting
the transferability of the findings.
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3. MATERIAL AND METHODS

3.1 Participants

We enrolled sixteen monolingual infants (13 M; 3 F) ranging in age from
4;2 to 5:4 (u=4;7). The sample is composed of a Control Group (CG) and a DLD
Group, matched by age. The CG includes eight children (5 M; 3 F) without speech,
language, hearing, or cognitive impairments. The DLD group includes eight male
peers who met the criteria for DLD with expressive deficits (American Psychiatric
Association 2013). DLD children were recruited at the Local Health Centre Azienda
USL Toscana Centro and, at the time of the study, were all receiving clinical servic-
es. CG was recruited from kindergartens in the same residential areas as the DLD
group (i.e., the Metropolitan City of Florence, in the Tuscany Region).

The cohorts are homogeneous for age and geographical provenience,
but not for gender: the rationale behind this choice is due to the prevalence
of neurodevelopmental disorders — and, in particular, DLD — among gender
groups. There is growing evidence that being male double the risk of language
impairment (Tomblin ez al. 1997). However, little effort has been devoted to the
detailed account of the epidemiology of the disorder and, to date, the reason for
the sex difference is not well understood. Given this complex picture, and also
considering that standardized linguistic tests are normed on the general popula-
tion, we included several females in the CG.

It is important to notice that gender difference does not affect the validity
of our results. Our sample is composed by preschoolers, with a maximum age of
5;4: the maturation of the phonatory structures and the development of adequate
neuromuscular control starts later, around the age of six, in both sex (Cappellari
& Cielo 2008). A large amount of scientific literature supports that the acoustic
voice profile of children was uniform across all girls and boys younger than 10
years (Campisi et al. 2002; Pribuisiene et al. 2011). Moreover, as demonstrated
by Hacki & Heitmiiller (1999), the only gender-specific voice parameter for the
considered age range is intensity (namely, the habitual intensity and the maxi-
mum speaking voice intensity, =2 dB).

The diagnosis of DLD has been established according to national and
international guidelines by expert clinicians, by considering anamnestic data,
clinical observation, and standardized testing. Participants underwent a complete
language evaluation, but particular attention has been paid to the assessment
of children’s comprehension profile: all subjects performed within the normal
range on the test of receptive vocabulary (TNL, Test Neuropsicologico Lessicale
per I’eta evolutiva (Cossu 2013)), morpho-syntactic comprehension (TCGB,
Test di Comprensione Grammaticale per Bambini (Chilosi & Cipriani 2006)
and PVCL, Prove di Valutazione della Comprensione Linguistica (Rustioni &
Lancaster 2007)) and listening comprehension (TOR, Test di Comprensione del
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Testo Orale 3-8 anni (Levorato & Roch 2007)); therefore, expressive language
problems occur essentially in isolation.

As already stated, all the children of the DLD group underwent extensive
speech-language treatment before the study. A huge number of papers have been
published on the linguistic profiles of preschoolers with DLD, but less attention
has been paid to their outcomes after rehabilitation. In our opinion, this particular
circumstance can represent a fruitful window on distinguishing and persistent dif-
ficulties of the disorder. Table I outlines the main characteristics of our cohorts.

All ethical principles of the Helsinki Declaration were followed.

controls DLD
Age u=470=04 p=4;7 0 = 034
Sex SM;3F 8M;0F
geographical provenience Toscana (Florence Area), Italy Toscana (Florence Area), Italy

Table 1: Main characteristics of the cohorts.

3.2 Corpus design and speech recording

Verbal production was elicited using three different tasks: a norm-referenced
linguistic task, namely the Italian version of the Bus Story Test (I-BST) (Cipriani
et al. 2012; Renfrew 2015; Mozzanica et al. 2016), and two semi-spontaneous
retelling, exploiting the renowned story Three Little Pigs (3LP), and a brand-new
short film called Little Polar Bear (LPB). While the BST examines story retelling
with coloured picture support, the unnormed tests elicit children’s verbalizations
through a paper book and a tablet respectively. During the 3LP task, children were
asked to retell the renowned story using the pictures as prompts while flipping
through the pages; in contrast, the LPB task was administered showing the video
(around 100 seconds) to the child who was then requested to recount the plot while
following the scrolling images without sound. None of the children knew the three
stories, including the generally well-known 3LP.

The trials were administered in a single test session of varying duration.
The tasks have been videotaped using a tablet placed in front of the subject.

3.3 Corpus transcription and annotation

Data was orthographically transcribed using ELAN (Wittenburg er al.
2006) (fig. 1). All parents gave their consent to data recording and processing.
Orthographical transcription is compliant with the L-AcT format (Cresti &
Moneglia 2018), a version of the standardized CHAT format (MacWhinney
2000) enriched with the tagging of prosodic parsing. For a detailed account of
transcription methods and conventions, please refer to Beraldi et al. (2021). The
resulting corpus consists of 1 h 57°41” of recorded speech; the verbal produc-
tions amount to a total of 4551 words, 889 utterances. Tuble 2 shows the number
of utterances and words for each task produced by controls and DLD children.
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Figure 1: A screenshot of the ELAN annotation tool.
CG DLD
Task
# utterances # words # utterances # words
I-BST 133 833 170 802
3LP 186 978 183 915
LPB 99 567 118 456
TOTAL 418 2378 471 2173

Table 2: Number of utterances and words produced on the three tasks by controls and DLD
children.

3.4 Features extraction and data processing

We applied the set of algorithms developed in the wake of the OPLON
project (Beltrami et al. 2018; Calza et al. 2021; Gagliardi & Tamburini 2022) to
extract acoustic and rhythmic parameters from each session. Tables 3 outlines the
list and the description of the linguistic parameters considered in this study. We
selected these cues because they showed to be relevant in supporting the identifica-
tion of speech disruptions in adult Italian speakers (Calza et al. 2021; Gagliardi &
Tamburini 2021, Gagliardi in press). Feature names ending with ‘°_M’ refer to the
mean value, those ending with °*_MD’ refer to the median and those ending with ‘_
SD’ to the standard deviation of the feature calculated on the whole speech produc-
tion. For a comprehensive description, the reader is referred to Calza et al. (2021).
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Features Description and References
Silence segments duration Silence segments of the signal (cf. Satt ef al. 2013).
(SPE_SIL)
Speech segments duration Speech segments of the signal (cf. Satt et al. 2013).
(SPE_SPE).

Temporal regularity of voiced seg-
ments

It captures the temporal structure of the voiced segments, provi-
ding information on the rate of change in the different spectrum

(SPE_TRVS) bands (cf. Satt et al. 2013).
Verbal Rate The number of tokens in the sample divided by the Total Locution
(SPE_VR) Time (i.e., speech time including pauses) (cf. Singh ez al. 2001;

Roark et al. 2011).

Transformed Phonation Rate
(SPE_TPR)

It measures the ratio between the total phonation time (i.e., speech
time without pauses) and the total locution time (i.e., speech time
including pauses) (cf. Singh er al. 2001; Roark et al. 2011).

Standardized Phonation Time
(SPE_SPT)

The number of tokens in the sample divided by the total phona-
tion time (i.e., speech time excluding pauses) (cf. Singh et al.
2001; Roark er al. 2011).

Standardized Pause Rate

The number of tokens in the sample divided by the number of

(SPE_SPR) pauses (cf. Singh et al. 2001; Roark ez al. 2011).

Root Mean Square energy The energy of a signal at a specific time, calculated by windowing

(SPE_RMSE) the signal, squaring the samples and taking the average. The squa-
re root of this result is the engineering quantity known as RMS
(cf. Lopez-de-Ipifa et al. 2013).

Pitch Fundamental frequency (FO)

(SPE_PITCH)

Spectral Centroid
(SPE_SPCENTR)

It is calculated by evaluating the “centre of gravity” of the spec-
trum using the Fourier transform’s frequency and magnitude
information. The feature captures the perceptual “brightness” of a
sound (cf. Lopez-de-Ipifa ez al. 2013).

Higuchi Fractal Dimension
(SPE_HFractD)

The algorithm measures fractal dimension (i.e., “self-similarity”,
identical/similar structures repeating over a pattern) of discrete
time sequences directly from time series. The feature describes
the complexity of the signal at a specific time (cf. Lopez-de-Ipina
et al. 2013).

Percentage of vocalic intervals
(RHY%V)

The proportion of vocalic intervals within the utterance, namely
the sum of vocalic intervals divided by the total duration of the
utterance (cf. Ramus et al. 1999).

Std. deviation of vocalic and con-
sonantal interval durations, AV and
AC (RHYDeltaV, RHYDeltaC).

The standard deviation of the duration of vocalic and consonantal
intervals within each utterance (cf. Ramus et al. 1999)

Pairwise Variability Index
(RHY_VnPVI, RHY_CrPVI)

This rhythm metric takes into account the temporal succession

of the vocalic and consonantal intervals. It is based on a pairwise
comparison of the duration of either two vocalic or consonantal
intervals, expressing the level of variability in consecutive measu-
rements (cf. Grabe & Low 2002).

Variation coefficient for AV and AC
(RHY_VarcoC, RHY_VarcoV)

A variation coefficient (“varco”) is a value describing relative
variation. In particular, VarcoAC is calculated as the percentage
of the AC of the average duration of consonantal intervals (Delwo
2006).

Table 3: Acoustic and rhythmic features considered in the study.
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Results were analysed by using descriptive and inferential statistics,
employing R statistical software version 3.4.4. Because of the small sample size,
we applied the non-parametric Wilcoxon-Mann-Whitney test (two-sided) with
the Bonferroni correction to compare the groups (CG and DLD). Threshold (p-)
values are statistically significant at <0.05.

4. RESULTS

Table 4 outlines the different levels of significance for the considered
linguistic features. Given the small size of the corpus, we did not distinguish
among the three tasks (I-BST, 3LP, LPB).

Feature CG DLD MW-test
Ve H+o p-value
SPE_SILMEAN 1.56 +0.81 1.69 = 0.69 0.193
SPE_SILMEDIAN 1.15+£0.53 1.30+0.54 0.05523
SPE _SILSD 1.23 +1.07 1.33 +0.82 0.3185
SPE _SPEMEAN 1.18 £0.44 1.17 £0.39 0.9533
SPE _SPEMEDIAN 0.86 £0.38 0.88 £0.35 0.8595
SPE_SPESD 1.15+0.55 1.10 £0.47 0.8606
SpE_TRVSD 0.42 +0.19 0.48 +0.19 0.3104
SPE_VR 0.98 +0.35 0.66 + 0.40 0.004652 wk
SpE_TPR 0.85 +0.22 0.80 +0.19 0.2719
SpE_SPT 1.90 +0.88 1.40 +0.87 0.01959 *
SPe_SPR 1.97 £0.54 1.53+0.97 0.01417 *
SPE_RMSEM 557.41 £ 353.59 625.01 +472.87 0.7443
SPE _RMSESD 382.06 + 166.98 450.62 +267.00 0.3437
SPE_PITCHM 269.02 +21.76 246.761 = 33.00 0.006131 ok
SPE_PITCHSD 74.08 +22.44 69.719 £ 25.92 0.2793
SPE_SPCENTM 2751.26 +507.29 2545.32 +487.12 0.1762
SPE_SPCENTSD 1295.62 +275.42 1214.48 +304.60 0.4978
SpE_HFrACTDM 1.87 +£0.03 1.86 +0.03 0.2172
Spe_HFrACTDSD 0.08 +0.02 0.08 +0.02 0.7955
RuY_%V 0.45 +0.07 0.45 +0.08 0.9658
Ruy_DELTAV 0.21 +£0.04 0.20 +0.06 0.9648
RuY_DELTAC 0.26 £0.07 0,27 = 0.06 0.7044
RHY_VNPVI 0.83 +0.09 0.84 +0.08 0.6123
Ruy_CrPVI 0.21 +0.07 0.20 + 0.06 0.8167
RHY_VARCOV 142.20 = 17.06 142.68 £ 16.76 0.9087
RHY_VARCOC 143.68 = 14.72 146.35 + 14.59 0.5192

Table 4: Linguistic features considered in this study (refer to Table3 for the descriptions and
abbreviations): results are expressed as means + standard deviations, and statistical significance at the
Wilcoxon-Mann-Whitney test is also reported (* p-value < 0.05; ** p-value < 0.01; *** p-value < 0.001).
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Our results show that DLD children emerged as less fluent in comparison
to their peers. As a matter of fact, the significant parameters of our study are
the Verbal Rate, the Standardized Phonation Time, and the Standardized Pause
Rate. In other words, from a qualitative point of view, their spoken texts are
richer with hesitation phenomena, e.g., filled and empty pauses. In line with the
scientific literature on the topic (and confirming the findings of Beraldi ef al.
2021, obtained by traditional phonetic analysis), our work demonstrates that 1)
even after therapeutic remediation, language difficulties remain, taking the form
of reduced fluency or speech disruptions during utterance formulation (Hall
1996; Finneran et al. 2009) and ii) these subtle alterations can be easily detected
through NLP algorithms. Therefore, we can easily assume that these cues can
represent a distinctive trait of the disorder also at the earlier stages of linguistic
development, before the logopedic intervention.

But the more interesting point is the statistical relevance of the pitch,
namely the mean value of the Fundamental Frequency of the voice: as attested
by Ramarao ef al. (2018), Reddy et al. (2020) and Sharma & Singh (2020),
acoustic features of the speech can represent new markers of neurodevelop-
mental disorders - markers that are not quantifiable by the therapist without
instrumental support, and therefore fall outside the possibilities of conventional
paper-and-pencil neuropsychological tests. On the contrary, none of the rhyth-
mic features emerges as statistically significant: this finding deserves further
investigation, to ascertain if the result is due to the logopedic treatment, or the
actual sparing of the articulation mechanism (e.g., vs. Childhood Apraxia of
Speech and/or Speech Sound Disorder).

5. CONCLUDING REMARKS

This paper presented an explorative study on the identification of speech
parameters able to support the diagnosis of DLD among Italian preschoolers.
To this aim, we applied a computational pipeline developed by Gagliardi &
Tamburini (2022) for the automatic extraction of acoustic and rhythmic features
from children’s verbal productions. We identified, through inferential statistics,
a set of acoustic parameters which can distinguish DLD children from typically
developing peers. As far as we know, this is the first study on Italian applying
NLP techniques to the analysis of DLD speech, for screening and diagnosis pur-
poses.

Our findings, though preliminary, suggest that voice and speech analysis
could be exploit for the automatic detection of DLD in Italian preschoolers,
since a set of acoustic indexes resulted statistically significant in distinguishing
language-impaired children from peers: among the relevant features, some are
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related to fluency (e.g., Verbal Rate, Standardized Phonation Time, Standardized
Pause Rate), while the fundamental frequency of the voice perceptually corre-
lates with the tone.

However, further investigations are needed to validate this hypothesis. In
particular, the acoustical properties of the voice of DLD children should be bet-
ter investigated by repeating the analysis on a larger corpus. With this respect,
a comparison with both other clinical targets (e.g., Late Talkers, DLD before
and after treatment) and other Neurodevelopmental Disorders (e.g., Autism
Spectrum Disorder, Speech Sound Disorder, and Childhood Apraxia of Speech)
would be extremely useful. Therefore, the next steps of this project will involve
i) the widenings of the sample, ii) the development and testing of a fully auto-
matic pipeline, which will include, besides the features extraction, the transcrip-
tion of the verbal productions employing an Automatic Speech Recognition sys-
tem (ASR) specifically trained on children’s voice (Beckman et al. 2017; Gale et
al. 2019), and iii) the application of Machine Learning algorithms for subjects’
automatic classification.
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