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ABSTRACT

Speech and voice development in childhood are essential for academic progress and social
participation; difficulties in oral expression may impact learning and emotional health.
Generative artificial intelligence (GAI) technologies integrated into interactive mobile appli-
cations offer new possibilities for the automated assessment of Spanish-speaking children’s
speech. This study functionally validates a mobile application that uses GAI to automati-
cally assess children’s speech fluency, pronunciation, and intonation, providing automated
scoring, targeted feedback, and personalized recommendations. This Phase 1 functional
validation, based on synthetic data, lays the groundwork for a four-phase framework aimed
at guiding cross-national and multilingual research in artificial intelligence (Al)-supported
speech evaluation. The methodology focused on a correlational analysis between the scores
generated by the application and the acoustic indicators—number of pauses, pitch range,
and spectral clarity—obtained from 160 samples. Descriptive and spectrographic analyses
revealed mean decibel levels ranging from 15 to 33 dB, pitch ranges around 3.843 Hz, and
spectral clarity between 0.033 and 0.036. It is concluded that this tool could contribute to the
automated and multidimensional assessment and feedback of speech difficulties in Spanish-
speaking children.

KEYWORDS
mobile application, generative artificial intelligence (GAI), speech difficulties, spectral analysis,
functional validation

1  INTRODUCTION

During childhood, the development of speech and voice constitutes a funda-
mental pillar for communication, socialization, and learning, so that difficulties
in oral expression can compromise both academic performance and the emo-
tional and social integration of children [1]. These problems are usually caused by
psycho-pedagogical, environmental, or specific language disorders, impacting key
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dimensions such as fluidity, prosody, and intonation [2]. The opportunities to enrich
oral language, especially in vocabulary and speed of nomination, are decisive for
reading and communication development during childhood [3]. Phonological defi-
cits, articulatory inaccuracy, and low prosodic awareness are usually associated
with difficulties in pronunciation and oral expression [4]. Such alterations can be
manifested in the form of errors in reading decoding, inappropriate pauses, or lim-
ited tonal variability, impacting comprehension and verbal expression [5]. Likewise,
infantile dysphonia, characterized by alterations in timbre, intensity, or vocal height,
can be influenced by physical, environmental, or psychological factors, extending
throughout development if not attended to on time [6]. The literature warns that
dysphonia and other infantile voice disorders are often underestimated, delaying
diagnosis and increasing the risk of affecting psychosocial development and infant
well-being [7]. Therefore, these vocal alterations demand validated strategies for
their detection and evaluation to mitigate their consequences in the school and
family environment [8], [9].

In response to these challenges, artificial intelligence (AI) has demonstrated a
growing impact in solving real problems, particularly in audio classification and
speaking in educational and health contexts; however, the development of robust
child voice recognition systems faces specific challenges such as environmen-
tal noise, the scarcity of labeled data, and the variability inherent in children’s
voices [10]. The automatic analysis of voice signals by means of machine learning
has allowed the early identification of children with linguistic alterations, making it
possible to implement timely therapeutic interventions [11]. In addition, the integra-
tion of neurotechnology and Al in the school environment facilitates the detection
of speech difficulties and the timely referral to specialists [12]. Strategies such as
deep learning about voice spectrograms and data augmentation techniques increase
accuracy in the detection of language disorders [13]. Likewise, Al applied to health
has enhanced the personalization of interventions and the early detection of speech
and language alterations, especially when integrated with augmentative communi-
cation technologies [14], [15].

Mobile applications, for their part, have been consolidated as key tools to support
the evaluation and intervention of children with communication disorders, allow-
ing the integration of voice recognition technologies and personalized feedback both
in the clinical and educational settings [16], [17]. These applications offer flexibility,
enable the personalization of exercises to reinforce linguistic skills, and promote
inclusion in school contexts [18], [19]. At a functional level, the accessibility and com-
municative support provided by these applications are fundamental for the expres-
sion and understanding of children with speech difficulties [20], [21]. Technologies
such as voice recognition in real-time support educational inclusion, transforming
oral discourse into text for students with communication difficulties [22]. In addition,
the use of smartphones to record and analyze the voice is objective and reliable, facil-
itating therapeutic follow-up and expanding intervention opportunities for families
and professionals [23]. In addition to the use of these technologies in the monitoring
and detection of speech problems, it is necessary to point out that the generation
of synthetic voices through advanced architectures allows simulating-controlled
attributes of child speech and validating diagnostic technologies in scenarios where
the availability of real data is limited [24]. The use of statistical models has enabled
the creation of useful synthetic databases for testing and training, although chal-
lenges persist in the perception of naturalness, age, or gender [25]. In addition, voice
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conversion techniques allow the simulation of pathological voices, preserving the
identity of the speaker, even with a few original samples, and facilitate the design of
relevant clinical simulations [26], [27].

In this context, the main objective of the present study is to functionally validate
a mobile application based on generative artificial intelligence (GAI) for the auto-
matic evaluation of children’s speech difficulties. The mobile application is designed
to automatically analyze child voice recordings, assign scores to dimensions of flu-
ency, pronunciation, and intonation, and deliver interactive visual feedback and
tailored recommendations based on acoustic patterns. For this, an experimental
design was developed that included the generation of 160 audio samples produced
by 16 children’s voices, each reading 10 short texts with intentional phonetic and
fluid errors. The validation was carried out through the analysis of the correlation
between the scores automatically granted by the application in the dimensions of
fluids, pronunciation, intonation, and the acoustic indicators extracted from each
audio, applying parametric statistics and spectral analysis. The proposed four-phase
framework positions this work as an initial step in the validation of Al-based tools
for children’s speech, with the potential to guide future research in multilingual
and cross-national contexts, contributing to global debates on mobile health and
Al-assisted learning (refer to Section 2 for the conceptual framework). Therefore, the
following research question (RQ) was posed: To what extent do the scores generated
by the GAI-based mobile application (with respect to fluency, pronunciation, and
intonation) correspond to the acoustic indicators derived from the children’s voice
recording?

2  CONCEPTUAL FRAMEWORK

This section explores two core conceptual axes that lay the theoretical and meth-
odological groundwork for employing synthetic data in the initial validation of the
mobile application at the heart of this study. By prioritizing controlled testing, this
strategy paves the way for safely introducing real children’s voices in later evaluation
stages, ensuring both reliability and ethical responsibility.

2.1 Validation in mobile health applications

Validating mobile health applications calls for a phased progression that puts
technical functionality, security, and usability first-long before involving real
users. This method upholds quality standards while curbing risks, drawing from
established global benchmarks such as the V3 Validation Framework and World
Health Organization (WHO) guidelines, which champion transparency, privacy, and
dependability in digital health tools [28]-[31]. Early on, it makes sense to lean on
simulated data or controlled setups, advancing to human trials only once the app
has shown a solid technical, ethical, and security footing. Complementary interna-
tional frameworks, such as A-MARS, DECIDE-AI, mERA, CONSORT-AI and SPIRIT-AI,
outline essential criteria for quality, security, transparency, and methodological rigor
in health apps [32]-[36]. Though they don’t dictate a fixed sequence, these guide-
lines collectively point toward beginning in isolated environments with synthetic or
simulated data. This gradual alignment with standards-prior to human involvement
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or clinical testing-ultimately builds a trustworthy and secure tool that truly serves
its users.

2.2 Synthetic data in the analysis of children’s voices

Building automated tools to analyze children’s speech isn’t straightforward; it
requires vast datasets and rigorous testing in safe, controlled spaces to lock in accu-
racy, safety, and real-world effectiveness before stepping into clinical settings [37].
Systems such as Tacotron-2, a text-to-speech (TTS) model, shine here with their life-
like naturalness and clarity, making them perfect for preliminary experiments that
sidestep the need for actual voices right away [38]. Fresh research backs this up,
showing how Al for speech therapy can kick off with simulated data to fine-tune
precision and stability—keeping kids out of the loop until the tech is solid [39]. Take
the Pronuntia system as a real-world example: it started validation with therapists
and caregivers, focusing on rock-solid reliability before bringing in young partici-
pants [40]. Advanced models such as FastPitch take this further, crafting convincing
child voices that power Al training and testing without tapping into real data, all
while trimming ethical concerns and saving resources [41]. Studies in automatic
speech recognition (ASR) echo this, revealing how early synthetic inputs ramp up
model efficiency, cut dependency on genuine recordings, and hold onto accuracy as
things scale [42]. Blending synthetic data with pre-trained models yields voices so
realistic they’re on par with natural speech in understanding, paving a secure path
toward real-world use [43]-[44].

In essence, these elements frame synthetic data as a cornerstone for early-stage
work—not just for honing the system’s technical edge, but for upholding ethical
standards by shielding vulnerable groups such as children from unproven tools [45].
Frameworks such as ACCEPT-AI reinforce this, aligning synthetic approaches
with bedrock principles such as autonomy, beneficence, and data protection
to foster thoughtful Al growth [46]. Ultimately, this mindful integration honors
non-maleficence and privacy, letting innovation unfold responsibly without rushing
exposure to real voices [47].

3 MATERIALS AND METHODS
3.1 Material

For this study, a mobile application developed in Android Studio was used, spe-
cifically designed for the automatic evaluation of alterations in children’s Spanish-
language speech, with potential for use by teachers and language therapists in
educational and clinical contexts. The architecture of the application integrates
several Google Firebase services: “Firebase Authentication” for secure user access,
“Firestore” for the structured management of records and student data, and “Firebase
Storage” for the encrypted storage of collected and processed audio files. The core of
intelligent processing resides in the incorporation of the Gemini 2.5 model (Google
Al), responsible for analyzing audio, assigning scores, and generating personal-
ized feedback based on indicators of fluency, pronunciation, and intonation. For
automated learning and evaluation, the application implements a rubric adapted
from the DELE instrument (Diploma of Spanish as a Foreign Language), allowing
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the Al to score each sample on a scale of 1 to 4 according to the degree of alteration
or performance observed. The mobile application presents a clear and interactive
interface, structured into four main functional modules, as illustrated in Figure 1a:

e Management of students: Allows the registration, selection, and individualized
monitoring of participants or students (see Figure 1b).

e Audio management: Facilitates the recording, loading, and organization of audio
files, showing the evaluation status of each sample (see Figure 1c).

e Evaluation with AI: Performs automatic processing of each audio, issuing a score
for fluency, pronunciation, and intonation, along with textual feedback and
recommendations for improvement.

e Results and feedback: It presents the history of evaluations, the feedback
generated, and a summary table of the scores obtained for each evaluated audio,
allowing the longitudinal monitoring of progress.

MAIN MENU MAIN MENU MAIN MENU

Mobile application for the automatic application for the automatic

sssessment using Al of pronuncistion, ent using Al of pronunciation,
intonation, and fluency in king onation, and fluency in Spanish-speaking
students. Based on the DELE instrument, it
uses four scales to determine the student’s
level. The evaluation is performed by an

Al-powered conversational agent Al-powered conver I agent

MAIN FUNCTIONS MAIN FUNCTIONS MAIN FUNCTION

™ Student Management ~ B student Management ~ ¥ Student Management

Register student
U Audio Management v U Audio Management ~
Student list
Y t Upload audio

i Audio Management v q Preview audio )

Fig. 1. Mobile application for the evaluation using GAI: (a) Main interface, (b) Student management
interface, (c) Audio management interface

3.2 Method

This section describes the methodological procedures followed in the study, orga-
nized around three key components. First, the experimental design and analytical
strategy applied to evaluate the performance of the generative Al-based mobile appli-
cation during Phase 1 are detailed. Second, the methodological transparency sec-
tion describes in detail the sequence of steps followed in the generation, validation,
and acoustic analysis of the synthetic data, ensuring reproducibility and technical
consistency of the study. Finally, the ethics statement specifies the inclusive use of
non-identifiable synthetic audio and outlines the institutional approval and parental
consent protocols planned for subsequent phases, in compliance with international
standards for digital health research. Finally, the ethics statement specifies the inclu-
sive use of non-identifiable synthetic audio and outlines the institutional approval
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and parental consent protocols planned for subsequent phases, in compliance with
international standards for digital health research.

Functional validation process: Before describing in detail the methodology
used in the first phase, Figure 2 presents the proposed conceptual framework for
the progressive validation of the mobile application to identify speech difficulties
in children. This model contemplates four sequential phases that guarantee an
orderly transition from controlled experimental environments to real-world mass
deployment scenarios, ensuring the technical robustness, usability, clinical accu-
racy, and long-term sustainability of the system. However, this study is limited
exclusively to Phase 1, which is the first step before involving real participants in
subsequent phases.

Objectives: Assess usability,
user experience, and interface
efficiency with real participants
in controlled environments.

/ﬁ Objectives: Demonstrate diagnostic
Phase 2 reliability, clinical accuracy, and
Validati itk ethical compliance in real settings.
users in simulated Objectives: Evaluate scalability,
environments real-world effectiveness, and long-
Phase3 term adoption in educational and
Controlled clinical clinical environments.
App
’))) Mobile
. —— g
B err— ®.
simulated classroom or clinical \ /
scenarios.

Methods: Usability testing (e.g.,
SUS/UEQ) user feedback analysis.
Outputs: Interface adjustments,
improved user flow, error detection
before real-world deployment.

Inputs: Children with and without
speech  alterations,  institutional
cthical approval.

Methods: Companson with clinical
reference standards, sensitivity and
specificity analysis.

O . D i

P et A
metrics, clinical validation

evidence.

Inputs: Schools, clinics, extended
user populations.

Methods: Longitudinal  studies,
impact evaluation, real-world
performance metrics.

Ourtputs: Populations-level
efficacy, inability indicat
integration into standard practice.

Fig. 2. Proposed conceptual framework for the progressive validation of the mobile application for identifying speech difficulties in children
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Phase 1 - focuses on examining the technical performance, operational stability,
and consistency of the results generated by the mobile application using synthetic
data under controlled experimental conditions. The goal is to ensure the reliability
of the automatic processing of acoustic parameters and the assignment of scores
using Al before moving to direct human interaction contexts.

Phase 2 — aims to evaluate the user experience, usability, and efficiency of the
system with real participants in simulated educational or clinical settings. Figure 3
shows the functional architecture and integration of environments for the first phase
validation process.
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Fig. 3. Functional architecture and integration of environments for the first phase validation process

This stage allows for the detection of potential interface limitations, optimiza-
tion of interaction, and ensuring that the application is intuitive and secure prior
to clinical validation. In Phase 3, the mobile application will be evaluated in real-
life clinical settings with children, following strict ethical protocols approved by
institutional committees. The goal is to verify diagnostic accuracy and validity
through comparisons with reference standards and sensitivity and specificity
metrics. Finally, Phase 4 contemplates the adoption of the application in real-life
educational and clinical settings, with longitudinal studies to assess its impact,
sustainability, and scalability, as well as its potential integration into routine pro-
fessional practice.

Methodological transparency of Phase 1: In this study, validation focused
exclusively on Phase 1, using a set of 160 synthetic audio clips generated from 16
Al-created children’s voices. Each voice was crafted with ten texts that intention-
ally incorporated phonetic errors, pauses, and intonation variations to simulate a
representative range of speech difficulties in Spanish-speaking children. The audio
clips, with an average duration of 18 to 24 seconds, were processed by the mobile
application and statistically analyzed using normality tests and Spearman correla-
tions (p < 0.01) to corroborate the consistency of the results obtained. The flowchart
of the Phase 1 performance evaluation process is shown in Figure 4, which summa-
rizes the sequential steps and key metrics for greater reproducibility.
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J

Fig. 4. Workflow of the Phase 1 performance evaluation process

In Stage 1 (Synthetic Data Generation), the voices were created using the Narakeet
platform, which converts text into natural speech using neural network-based
speech synthesis services such as Google Cloud TTS and Amazon Polly. Each text
included controlled errors (omissions, misplaced pauses, and prosodic variations) to
produce realistic child-like speech.

In Stage 2 (Automated Realism Validation), the samples were processed by the Al
Logic module (Gemini 2.5), integrated with Firebase Cloud Database, which generated
automatic scores in three dimensions: fluency, pronunciation, and intonation. These
scores served as an indirect measure of linguistic realism and coherence, as signals
with obvious synthetic errors tended to obtain low scores, while more natural ones
had higher scores. To validate sample realism heuristically, preliminary acoustic
checks were conducted using metrics such as pitch range (Fundamental-Frequency
[Fo] bandwidth = 3700-4100 Hz, reflecting spectral extent rather than mean Fo) and
harmonics-to-noise ratio (HNR = 20-25 dB) via librosa in Google Colab. Only those
samples that met these reference ranges, derived from benchmarks in the literature
for child voice synthesis, were retained. This confirmed that the Narakeet output’s
perceptual naturalness is suitable for simulating child variability and avoids robotic
artifacts, as demonstrated in synthetic voice generation for pediatric applications.
Both studies reported comparable HNR and pitch patterns for synthetic child speech,
supporting their use as validation benchmarks. This ensured the clips mimicked
authentic prosody while retaining controlled errors for assessment, consistent with
the spectrogram variability observed in Figure 7 (e.g., frequency density and decibel
distribution reflecting pause-induced amplitude drops), enhancing ecological plau-
sibility under controlled Phase 1 conditions.
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In Stage 3 (acoustic extraction and preprocessing), the validated audio samples
were analyzed in Google Colab using Python libraries (Librosa, Matplotlib, NumPy)
to extract acoustic indicators of pause count, pitch range, and spectral clarity, after
amplitude normalization and silent segment removal. Additionally, visual spectral
analyses were performed to illustrate signal variability and complement quantita-
tive interpretation. The selection of acoustic indicators responds to their established
relevance in pediatric speech assessment: the number of pauses reflects fluency
and temporal flow, capturing disruptions in verbal continuity [11]; pitch range cap-
tures articulatory stability and phonetic variations, indicating intonation control
and expressive range [5]. These metrics were prioritized for their non-invasiveness,
computational feasibility in mobile contexts, and alignment with DELE rubric
dimensions, enabling direct correlations with GAI outputs—as evidenced in Table 1
(e.g., mean pauses 34.95, pitch range 3,843.85 Hz, spectral clarity 0.034) and Figure 7
showing amplitude patterns for 41, 26, and 35 pauses, respectively.

Stage 4 (Statistical Analysis and Robustness Validation) focused on verifying the
reliability of the data and the sensitivity of the Al model. To do this, before perform-
ing correlations, the normality of the variables was assessed using the Kolmogorov-
Smirnov and Shapiro-Wilk tests. The results indicated that the scores generated by
the mobile app (fluency, pronunciation, and intonation) did not follow a normal dis-
tribution (p < 0.01), while some acoustic indicators did follow a normal distribution.
Additionally, a descriptive analysis of the interquartile range (IQR) was performed
to address potential outliers and assess dispersion. The descriptive analysis showed
that the scores generated by the mobile application showed moderate variability in
fluency (IQR = 2) and slight variability in intonation (IQR = 1), while the dispersion
in pronunciation was minimal (IQR = 0), indicating homogeneity in the evaluation
of this indicator. These values reflect that the AI model was able to differentiate
difficulty levels primarily in fluency, maintaining stability in the pronunciation rat-
ing. Likewise, the acoustic indicators processed in Google Colab showed controlled
dispersion patterns consistent with the study objectives. The number of pauses
showed the greatest variability IQR = 11), demonstrating substantial differences in
fluency between the synthetic audios. The word rate per five seconds (IQR = 1.91)
and tonal range (IQR = 40.6) showed moderate dispersion, reflecting slight hetero-
geneity in articulation rate and intonation. Spectral clarity (IQR = 0.004) remained
stable, confirming consistency in the quality of the synthesis. Overall, these results
corroborate that the signals included sufficient variability to evaluate the model’s
sensitivity without compromising the homogeneity of the data set. For this reason,
Spearman’s correlation coefficient (p) was applied, which is appropriate for vari-
ables with non-normal distributions and monotonic relationships. These coefficients
(p < 0.01) were calculated between the scores generated by Al and the acoustic indi-
cators, obtaining significant correlations in fluency, intonation, and pronunciation.

In Stage 5 (Interface and Functionality Evaluation), a panel of 24 experts in lin-
guistics and educational technology evaluated the application using an instrument
structured in five dimensions: clarity, adequacy, organization, relevance, and coher-
ence, to validate its practical applicability. The results showed moderately high levels
of satisfaction in all dimensions, with minor recommendations for improvements to
the interface and user orientation. Although ecological validity remains limited due
to the exclusive use of synthetic data, future phases 2 to 4 will incorporate real-life
child recordings, institutional ethics approval, and parental consent, in accordance
with international standards of ethics in digital health.

Ethics Statement: This study did not involve human participants. All analyses
were conducted using non-identifiable synthetic audio samples generated using
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Al-based speech synthesis. No personal or clinical data were processed. Future
validation phases (Phases 2-4) will include real children’s voices and will strictly
adhere to institutional ethical review procedures, informed parental consent, and
data protection regulations, in full compliance with the V3 Validation Framework
and WHO digital ethics standards.

4  RESULTS

The mobile application demonstrated its core functionality through the automatic
evaluation and feedback of children’s speech, as illustrated in the application’s inter-
faces. Firstly, the results and feedback module allows users to view the historical
records of audios evaluated by the Al For each selected audio, the app displays the
assigned fluency score, alongside textual feedback and a personalized recommen-
dation to support improvement (see Figure 5a). This interface enables longitudinal
monitoring of each participant’s performance, providing both quantitative scores
and qualitative feedback in an accessible format. Secondly, the application presents
specific feedback for the intonation dimension (see Figure 5h).
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Fig. 5. Evidence of the automatic assessment in the mobile application:
(a) Fluency and (b) Intonation

After automatic processing, users receive not only a numerical score for into-
nation but also detailed observations about the expressiveness, prosodic variation,
and naturalness of the speech. Personalized recommendations are included to guide
practice and improvement, addressing the particular prosodic challenges detected
by the AL Thirdly, for the pronunciation dimension, the mobile application gen-
erates an automatic score, feedback, and specific recommendations based on the
AT’s analysis of the audio (see Figure 6a). Users receive explicit advice focused on
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articulatory aspects and pronunciation accuracy, tailored to the errors or strengths
identified in each recording. This detailed interface supports targeted interventions
for pronunciation improvement, promoting individualized language development.
Finally, the audio evaluation history interface (see Figure 6b) summarizes the scores
assigned for fluency, pronunciation, and intonation across all evaluated audio files
for a given student. This consolidated table facilitates comprehensive progress track-
ing, allowing teachers, therapists, or families to visualize performance trends and
monitor the impact of interventions over time.

10:59 & =0 GE
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Fig. 6. Evidence of the automatic assessment in the mobile application: (a) Pronunciation
and (b) Audio evaluation history

4.1 Descriptive characterization of the data collected from the validation
indicators

The descriptive results obtained show the variability and heterogeneity in the
performance of synthetic children’s voice samples, intentionally created to represent
multiple difficulty levels in speech parameters. In this study, a total of 160 evaluations
were processed, offering a controlled and representative view of errors and correct
productions, simulating the conditions expected in real-life automatic voice disorder
detection. The scores calculated by the GAI for the indicator’s fluency, pronunciation,
and intonation ranged between 2.3 and 2.5 on a 1-4 scale, with standard deviations
from 0.6 to 0.7. This pattern confirms that the dataset included both samples with
severe errors and others with acceptable performance, ensuring variability for anal-
ysis. Regarding fluency-related acoustic indicators, the average number of pauses
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per audio reached 34.95, while the mean word rate every five seconds was 10.726,
revealing heterogeneous fluency profiles designed to test the application’s sensitiv-
ity to different difficulty levels. For pronunciation, the pitch range showed minimal
variability, suggesting that the synthetic audios preserved relative stability in artic-
ulation parameters and enabled the distinction between clearer and less accurate
pronunciations. Regarding intonation, spectral clarity ranged from 0.031 to 0.041,
reflecting subtle variations in the quality of the synthesized prosody and confirming
that the samples offered sufficient variability to evaluate the application’s discrimi-
natory capacity. Table 1 shows the results of the descriptive analysis of the validation
indicators of the audio evaluation obtained from both the mobile application and
the acoustic analysis.

Table 1. Descriptive analysis of the synthetic audio evaluation indicators

Validation Indicators Mean Standard Deviation Minimum Maximum
Fluency score 1.96 0.788 1 4
Pronunciation score 2.07 0.728 1 4
Intonation score 2.18 0.823 1 4
Number of pauses 34.95 6.916 18 50
Words per 5 seconds 10.726 1.277 8.050 14.300
Pitch range 3809.358 27.148 3730.00 3875.00
Spectral clarity 0.034 0.002 0.031 0.041

4.2 Preliminary performance evaluation of the mobile application through
score correlations with acoustic indicators

To evaluate the preliminary performance of the mobile app in assessing children’s
speech fluency, we calculated Spearman correlation coefficients between the
app-generated fluency score and the acoustic indicator of detected pauses. One hun-
dred and sixty synthetic audio samples were analyzed, providing sufficient variabil-
ity and sample size to justify the use of statistical parameters. First, a strong negative
correlation (p =-0.784, p < 0.01) was found between the fluency score and the num-
ber of pauses. As the number of pauses increased, the fluency score assigned by
the AT decreased. This result confirms that the application reliability penalizes frag-
mented or discontinuous speech patterns. Table 2 presents the results of the correla-
tion analysis between the fluency score and the number of pauses.

Table 2. Correlation analysis between the fluency score and number of pauses

Fluency Score  Number of Pauses

Spearman’s Rho | Fluency score Correlation coefficient 1.000 —0.790**
Sig. (bilateral) - 0.000
N 160 160
Number of pauses | Correlation coefficient —0.790** 1.000
Sig. (bilateral) 0.000 -
N 160 160

Note: **p-Value < 0.01.
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To assess the pronunciation capabilities of the mobile applications, we compared
the pronunciation scores generated by the Al with the pitch range derived from
analyzing 160 synthetic children’s voice samples. We chose pitch range as the key
metric, as research highlights its role in spotting articulatory challenges and gauging
phonetic accuracy in children’s voices. The analysis revealed a strong positive cor-
relation (p=0.737, p-value < 0.01) between the mobile application effectively picking
up on voices with better articulatory clarity and tonal variation, aligning with sam-
ples that show wider pitch ranges. Overall, these findings confirm the application’s
reliability in identifying phonetic difficulties. Table 3 summarizes the correlation
between the pronunciation scores and pitch range.

Table 3. Correlation between pronunciation score and pitch range

Pronunciation Score  Pitch Range

Spearman’s Rho | Pronunciation score | Correlation coefficient 1.000 0.737**
Sig. (bilateral) - 0.000
N 160 160
Pitch range Correlation coefficient 0.737** 1.000
Sig. (bilateral) 0.000 -
N 160 160

Note: **p-Value < 0.01.

Regarding the intonation dimension, this was performed by correlating the into-
nation score provided by the generative Al and the acoustic indicator of spectral clar-
ity. The results show a very high positive correlation (p = 0.858, p < 0.01) between the
intonation score provided by the mobile application and the spectral clarity values
obtained from the acoustic analysis of the 160 synthetic audios. Table 4 shows the
results of the correlation analysis between the intonation score and the acoustic
indicator of spectral clarity.

Table 4. Correlation between intonation score and spectral clarity

Intonation Score Spectral Clarity

Spearman’s Rho | Intonation score | Correlation coefficient 1.000 0.858**
Sig. (bilateral) - 0.000
N 160 160
Spectral clarity | Correlation coefficient 0.858** 1.000
Sig. (bilateral) 0.000 -
N 160 160

Note: **p-Value < 0.01.

In addition to the quantitative correlations obtained, a visual spectral analysis
was performed on three synthetic audio signals corresponding to the same partic-
ipant to demonstrate the variability of the acoustic indicators and complement the
interpretation of the results.
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Fig. 7. Spectrograms of three synthetic audio signals analyzed for the same participant,
(a) with 41 numbers of pauses, (b) with 26 numbers of pauses, and (c) with 35 numbers of pauses

Figure 7 shows the three spectrograms, which show marked variability in the
density and distribution of frequencies, as well as the decibel levels over time.
These spectrograms are consistent with the numerical results obtained in the cor-
relation analysis. In Figure 7a, a higher number of pauses (41) and noticeably less
dense areas, where low amplitude (decibel) intervals are frequent, can be seen. This
reflects reduced fluency, as well as lower intonation and voice strength, also evi-
denced by the word rate (11.98/5 sec.), the pitch range (3,843.0), and the spectral clar-
ity (0.033). In Figure 7b, the number of pauses is shown to decrease (26), showing
greater continuity and areas of higher decibel intensity, which represent a more sus-
tained voice with greater intonation. This pattern is accompanied by a higher word
rate (12.34/5 sec.) and greater spectral clarity (0.036). Figure 7c, on the other hand,
presents an intermediate number of pauses (35) and regions of moderate acous-
tic energy, with variations in decibel levels that indicate changes in voice strength
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and modulation. The word rate was 13.30/5 sec, the pitch range was 3,843.2, and
the spectral clarity was 0.034, representing a somewhat more fluent and intonated
performance, although still with irregularities. These observations allow us to visu-
alize how the differences in quantitative indicators—number of pauses, word rate,
pitch range, spectral clarity—and amplitude patterns (decibels) are reflected in the
structure of the spectrograms. Thus, the greater or lesser presence of high-amplitude
areas and frequency continuity is related to the voice strength and intonation of
the signal. Therefore, the correlation findings and the spectrogram representations
allow us to demonstrate, in a first phase, the functional validity of the mobile applica-
tion to detect variations in speech parameters in synthetic children’s voice samples.

4.3 Expert judgment on application functionality and usability

A panel of 24 experts, composed of linguistic instructors and specialists in edu-
cational technology, evaluated the mobile applications’ functionality and usability.
The assessment instrument included five dimensions: clarity, sufficiency, organi-
zation, pertinence, and coherence. Each dimension was rated on a 5-point Likert
scale (1 =Very poor, 2 = Poor, 3 = Fair, 4 = Good, 5 = Excellent). The results showed
consistently high mean scores across all dimensions: clarity (4.7), sufficiency (4.6),
organization (4.8), pertinence (4.7), and coherence (4.6). However, experts identified
areas for improvement, particularly suggesting more explicit user guidance and fur-
ther refinement of certain interface instructions. These findings confirm the applica-
tions’ overall strengths while highlighting opportunities to enhance user experience
in future iterations. Table 5 shows the results of the expert judgment evaluation by
indicator.

Table 5. Result of the expert judgment evaluation

Criterion Standard Deviation Minimum Maximum
Clarity 47 0.4 4 5
Sufficiency 46 0.5 4 5
Organization 4.8 0.4 4 5
Pertinence 47 0.4 4 5
Coherence 46 0.5 4 5

5  DISCUSSION

The findings of this study confirm the reliability and internal consistency of the
mobile application, showing significant correlations between GAI-generated scores
and classical acoustic indicators (pauses, pitch range, and spectral clarity) commonly
used in pediatric speech evaluation. Although this Phase 1 limits ecological gener-
alizability, the progressive validation framework provides a roadmap for future
multilingual and cross-cultural studies, including the adaptation of the system to
non-Spanish languages. These results indicate that the tool can become a practical
alternative for automated assessment in clinical and educational settings, providing
objective and reproducible analyses. Consistent with this, the study in [40] reported
that mobile applications can detect alterations in children’s voices through acoustic
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parameters, although their work focused on binary classification. Our approach goes
further by integrating multidimensional scoring and personalized feedback, offer-
ing a more comprehensive assessment of speech difficulties. Likewise, the research
in [41] demonstrated that mobile technologies enable remote monitoring and con-
tinuous feedback, but their study centered on therapeutic support rather than on the
automated correlation of acoustic parameters, an aspect specifically addressed in
our study. Similarly, the work in [42] highlighted that automatic scoring systems and
interactive spectrogram visualization not only improve objectivity but also enhance
user engagement and progress tracking, findings aligned with the principles of
our proposal. In the same vein, the investigation in [43] confirmed the usefulness
of mobile applications for remote and daily measurement of acoustic indicators,
showing the feasibility of evaluating parameters such as jitter using smartphones.
This reinforces the role of mobile technologies and automated algorithms in the
functional assessment of children’s voices. Additionally, the analysis in [44] found
that acoustic voice analysis with mobile applications can achieve reliability levels
comparable to traditional systems, even under uncontrolled conditions. Our study
expands this scope by validating not only fluency but also intonation and pronunci-
ation, while integrating personalized recommendations enabled by generative arti-
ficial intelligence.

The proposed four-phase framework ensures a methodical progression from
synthetic data validation to real-world deployment and outlines a scalable and eth-
ical Al protocol. Specifically, Phase 1’s baseline correlations between GAI scores and
acoustic indicators—demonstrated here with Spanish synthetic samples—serve as a
foundation for Phases 2 and 3, where real children’s voices from diverse linguistic
backgrounds (e.g., English or Portuguese in bilingual classrooms) can be tested in
simulated and clinical settings.

This progression enables fine-tuning of the DELE-based rubric—embedded
in the GAI prompt—for phonetic adaptations in Romance languages, while
incorporating alternative rubrics (e.g., CEFR [Common European Framework of
Reference for Languages] or language-specific prosodic frameworks) for tonal
or non-Indo-European languages such as Mandarin or Hindi, thereby facilitat-
ing Phase 4’s longitudinal evaluation in multicultural educational programs. In
low-resource educational settings and multilingual clinical environments, pilot
implementations can assess usability and compare Al outputs with clinician
judgments, ultimately informing global standards for Al-assisted speech assessment
and reducing diagnostic disparities across languages.

Other works have explored complementary dimensions. For example, the
research in [45] showed that mobile applications can improve vocal self-perception
and self-assessment, consistent with our findings on the motivational value of auto-
mated feedback for speech practice. In terms of acoustic robustness, the research
in [46] indicated that combining multiple parameters allows the differentiation
of pathological voice in children, noting that greater dispersion in values reflects
reduced phonatory stability-a pattern also observed in our application, particu-
larly in synthetic samples simulating severe dysphonia. Moreover, the work in [47]
demonstrated that including real-time error correction and individualized pronun-
clation analysis modules strengthens user self-regulation and facilitates more effec-
tive remediation. This supports the importance of multidimensional feedback for
continuous improvement, as proposed in our system. Similarly, the investigation
in [48] emphasized that, although mobile applications achieve results compara-
ble to standard clinical techniques for some acoustic parameters, further work is
required in methodological standardization, device diversity, and usability factors

International Journal of Interactive Mobile Technologies (iJIM) iJIM | Vol. 20 No. 1(2026)


https://online-journals.org/index.php/i-jim

iIM [ Vol. 20 No. 1 (2026)

Functional Validation of a Generative Al-Based Mobile App for Assessing Speech Difficulties in Children

that represent opportunities for future research and the development of more
robust tools. Finally, the work in [49] confirmed that mobile applications can mea-
sure acoustic levels with high precision in clinical environments when using cal-
ibrated microphones, although accuracy decreases with very low sound levels or
uncalibrated equipment. This finding underlines the need to consider technical con-
straints in the clinical validation phase of our application. Complementing this, the
findings in [50] highlighted the benefits of combining computer-assisted analysis
with real-time feedback and automatic error correction, reinforcing the importance
of robust algorithms and user-centered designs for maximizing educational impact.

From an educational technology viewpoint, the mobile application presents viable
pathways for incorporation into everyday teaching routines and early intervention
activities. In classroom settings, instructors could integrate it for systematic audio
evaluations during expressive language exercises, using the participant oversight
module to document progress and generate summaries aligned with individualized
instructional goals. Such deployment would allow prompt, interface-based guidance
on articulation precision and rhythmic variation, facilitating rapid adaptation in col-
laborative tasks and creating inclusive spaces that provide targeted support while
maintaining natural group dynamics. To further promote equality, the tool could
incorporate adaptive prompts that account for sociolinguistic variability, such as
regional accents or code-switching in multilingual classrooms, thereby supporting
diverse learner profiles and reducing biases in Al-driven assessments by modeling
specific language varieties through sociolinguistically-informed corpora [51]. Such
adaptations may also leverage bilingual advantages in executive functions, as bilin-
gual children consistently outperform monolinguals on attention and inhibition
tasks, enhancing cognitive flexibility in diverse learning environments [52].

These implementations align with the subsequent phases of the validation frame-
work, extending the app’s use from controlled synthetic trials to authentic classroom
and therapeutic contexts. This approach echoes evolving instructional paradigms
powered by Al that promote early detection of needs and adaptive learning across
diverse groups [53]. Likewise, within early therapeutic programs, practitioners
might embed the application’s rhythmic appraisal into engaging, activity-based ses-
sions, combining data-informed feedback with expert review to accelerate verbal
development and sustain continuous monitoring [54]. By merging automated
insights with educator input, these mechanisms not only extend speech evaluation
to underserved areas but also empower teachers to integrate health-related obser-
vations into the core curriculum, fostering inclusive language growth and reducing
disparities in access to speech support.

Beyond its local validation scope, the mobile tool has strong potential for
cross-linguistic scalability. The DELE-based rubric, integrated into the mobile app, can
be reprogrammed to assess speech parameters in other languages, such as English,
Portuguese, or French, by adjusting phonetic rules and prosodic parameters within
the AI layer. This flexibility allows for the creation of culturally and linguistically
responsive speech assessment modules adaptable to diverse contexts. Furthermore,
the cloud infrastructure and mobile interface ensure transferability to low-resource
settings, where access to specialized speech therapy remains limited. Lightweight
Al inference and Firebase synchronization enable offline use and integration into
school and community programs. From a policy perspective, this approach aligns
with international initiatives such as the UNESCO Digital Learning Framework and
the WHO guidelines for children’s communication development, offering a scalable
pathway for equitable access to Al-supported speech assessment and early interven-
tion. To address sociolinguistic variability, future adaptations could integrate models
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trained on diverse dialects and translinguistic practices, mitigating potential biases in
prosodic detection for non-standard varieties and enhancing equity in multilingual
classrooms, particularly for low-SES learners in global south contexts via context-
focused NLP (natural language processing) to bridge vocabulary gaps and foster cul-
tural awareness [55]. Recent advances in Al-edtech underscore this potential, with
studies showing that inclusive language models improve speech perception flexibility
in linguistically diverse children, positioning our tool within the emerging landscape
of equitable Al for learning as greater input diversity promotes gradient categoriza-
tion over rigid boundaries [56]. Automated tools such as those reviewed here further
support this by enabling scalable analysis of daylong recordings in underrepresented
cultural and clinical contexts, addressing gaps in linguistic diversity [57].

6  CONCLUSION

The results of this study indicate that the GAl-based mobile application demon-
strates functional validity for the automated assessment of fluency, pronunciation,
and intonation in children’s speech. Significant correlations were identified between
the generated scores and acoustic indicators, including a strong inverse relation-
ship between fluency score and number of pauses (p = —0.790), direct correlations
between pronunciation score and pitch range (p = 0.737), and between intonation
score and spectral clarity (p = 0.858). Descriptive and spectrographic analyses fur-
ther revealed mean decibel levels ranging from 15 to 33 dB, speech rates of 11.98 to
13.30 words per five seconds, pitch ranges around 3,843 Hz, and spectral clarity val-
ues between 0.033 and 0.036. The visual inspection of spectrograms supported these
quantitative findings, illustrating consistent trends between acoustic energy distri-
bution and the assigned scores. Additionally, expert judgment confirmed the appli-
cations’ high levels of clarity, sufficiency, organization, pertinence, and coherence,
supporting their usability and practical relevance in diverse settings. Therefore, it is
concluded that this tool may be useful for the objective, multidimensional evaluation
and monitoring of speech difficulties in clinical, educational, and family contexts,
given its alignment with established acoustic parameters.

7  LIMITATIONS OF THE STUDY

A main limitation of this study is the exclusive use of synthetic samples and the
validation in a controlled experimental setting, which restricts the generalization
of the results to real-life scenarios with greater variability. Future research should
evaluate the application with natural child voice recordings in a clinical environ-
ment, assess its performance across diverse devices and conditions, and explore
user acceptance by examining perceived ease of use and usefulness. Efforts to
standardize evaluation metrics and interfaces are also recommended to further
enhance its clinical and educational relevance.

8  DECLARATION OF GENERATIVE AI AND AI-ASSISTED
TECHNOLOGIES IN THE WRITING PROCESS

During the preparation of this work, the authors did not use generative Al or
Al-assisted technologies for writing, editing, or content creation. All text, figures,
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and tables were produced manually by the authors through collaborative academic
work. Limited use of Grammarly was employed solely for basic grammar and
spelling checks, without altering the original content or generating new material.
The authors take full responsibility for the integrity and accuracy of the content.
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