WI E Pendidikan
TR Indonesia

Language, LANGUAGE, TECHNOLOGY, AND SOCIAL MEDIA

Technology, 2
and Social Media

ISSN: 3026-7196

Advances and Challenges in Artificial Intelligence and Machine Learning for
Multilingual Speech Disorder Diagnosis and Therapy: An Integrative Review

Husnain Mukhdoom*™ and S.R. Rajkumar®

To cite this article. H. Mukhdoom and S. R. Rajkumar, “Advances and Challenges in Artificial Intelligence and Machine
Learning for Multilingual Speech Disorder Diagnosis and Therapy: An Integrative Review,” Lang. Technol. Soc. Media, vol.
3, no. 2, pp. 328-350, 2025.

DOIT: https://doi.org/10.70211/ltsm.v3i2.229

To link to this article:

Published online: 31 August 2025

E,/ Submit an article to this journal

View crossmark data

o Watch the video on YouTube

Full Terms & Conditions of access and use can be found at
https://journal.wiseedu.co.id/index.php/Itsmjournal/about


https://portal.issn.org/resource/ISSN/3026-7196
mailto:husnainmukhdoom06@gmail.com
mailto:dhamburjpm@gmail.com
https://doi.org/10.70211/ltsm.v3i2.229
https://journal.wiseedu.co.id/index.php/ltsmjournal/about/submissions
https://crossmark.crossref.org/dialog/?doi=10.70211/ltsm.v3i2.229&domain=pdf&date_stamp=2025-08-31
https://youtu.be/YBetKE1bp2s
https://journal.wiseedu.co.id/index.php/ltsmjournal/about
https://journal.wiseedu.co.id/index.php/ltsmjournal/about/submissions
https://crossmark.crossref.org/dialog/?doi=10.70211/ltsm.v3i2.229&domain=pdf&date_stamp=2025-08-31
https://youtu.be/YBetKE1bp2s

OPEN ACCESS

Language, Technology, and Social Media Vol 3 No 2 (2025) https://doi.org/ 10.70211/Itsm.v3i2.229

M) Check for updates Research Article

Advances and Challenges in Artificial Intelligence and Machine
Learning for Multilingual Speech Disorder Diagnosis and
Therapy: An Integrative Review

Husnain Mukhdoom®* and S.R. Rajkumar

Received: 17 June 2025 Revised: 22 July 2025 Accepted: 30 August 2025 Online: 31 August 2025

Abstract

This study examines the role of Artificial Intelligence (Al) and Machine Learning (ML) in the diagnosis,
assessment, and management of speech disorders, focusing on enhancing clinical practices. A
comprehensive review of existing studies was conducted, highlighting the application of Al technologies
such as Automated Speech Recognition (ASR), Natural Language Processing (NLP), and deep learning
models, including Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs).
The findings reveal that Al and ML techniques have significantly improved diagnostic precision,
therapeutic interventions, and clinical efficiency, especially in underserved populations. However,
challenges related to limited multilingual datasets, model generalizability, and the interpretability of deep
learning models were identified. Despite the promising advancements, challenges such as data privacy,
model bias, and ethical concerns need to be addressed for broader clinical integration. This study
contributes by synthesizing current Al and ML applications in speech disorder management, identifying
key challenges, and proposing future directions, including the development of multilingual datasets,
Explainable AI (XAI), and the integration of multimodal data to further enhance diagnostic and
therapeutic outcomes.

Keywords: Artificial Intelligence; Machine Learning; Speech Disorders; Speech Therapy; Natural
Language Processing; Deep Learning; Diagnostic Precision.
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INTRODUCTION

Speech and language disorders affect millions of individuals globally, creating significant barriers
to communication, education, and social inclusion [1], [2]. These conditions encompass articulation
impairments, fluency disruptions, voice quality issues, and difficulties in language comprehension
and production, which may result from neurological damage, developmental delays, or structural
abnormalities in the speech apparatus [3]. Conventional speech-language pathology (SLP) relies on
clinician-administered assessments, including perceptual analyses, standardized testing, and
behavioral observations [4], [5]. While effective, such approaches are often time-intensive,
subjective, and limited in accessibility particularly in rural or low-resource contexts [6], [7], [8].

Recent advances in Artificial Intelligence (Al) and Machine Learning (ML) have introduced
transformative possibilities for augmenting SLP practices. Technologies such as Automated Speech
Recognition (ASR), Natural Language Processing (NLP), and acoustic signal processing enable
large-scale analysis of disordered speech to detect subtle phonetic, prosodic, and semantic
anomalies [9]. Deep learning architectures, including Convolutional Neural Networks (CNNs) and
Long Short-Term Memory (LSTM) networks, have demonstrated high diagnostic accuracy for
conditions such as dysarthria, stuttering, apraxia of speech, and aphasia [10], [11]. Al-powered
therapeutic tools ranging from intelligent tutoring systems to mobile-based assistive applications
offer adaptive interventions, real-time feedback, and remote monitoring capabilities, thereby
addressing service delivery gaps for underserved populations [12], [13].

Despite these advancements, several challenges hinder the effective integration of Al into
clinical SLP workflows. These include the scarcity of large, annotated, disorder-specific speech
datasets [14], difficulties in ensuring model generalizability across diverse linguistic and cultural
contexts [15], and ethical concerns related to privacy, bias, and transparency [16]. Most Al models
in this domain are trained predominantly on English-language corpora, which restricts applicability
in multilingual and low-resource language settings [17]. Furthermore, the “black-box™ nature of
many deep learning systems limits interpretability, complicating clinical adoption and regulatory
compliance [18].

However, existing review studies have largely focused on either the technical aspects of Al
models or specific disorder categories, without providing an integrated perspective that connects
computational methods, linguistic diversity, and clinical applicability. There remains a need for a
systematic synthesis that critically examines current Al and ML approaches across disorder types,
languages, and application contexts, while also addressing ethical, technical, and linguistic
considerations in a unified manner. This study seeks to provide such a synthesis by mapping recent
technological advancements, evaluating their methodological strengths and limitations, and
proposing strategic directions for developing Al tools that are inclusive, accurate, and ethically
aligned for speech and language disorder applications.

METHODS

This study adopts a literature review research design to systematically examine the application of
Al and ML techniques in diagnosing, assessing, and assisting individuals with speech and language
disorders. The methodological framework was developed to ensure comprehensive coverage of the
field while maintaining rigorous inclusion standards to enhance the validity and reliability of the
findings [19].

329 WISE foziten



Literature Search Strategy

A comprehensive search was conducted across major academic databases, including PubMed, IEEE
Xplore, Scopus, Web of Science, and Google Scholar, to identify peer-reviewed journal articles,
conference proceedings, and review papers published between 2013 and 2025. Search terms were
applied in Boolean combinations such as "Artificial Intelligence” AND "Machine Learning" AND
"Speech Disorders", "Speech Impairment", "Stuttering”, "Dysarthria”, "Apraxia”, "Natural
Language Processing”, "Speech Recognition”, "Linguistic Analysis", "Speech Therapy", "Assistive
Technology", and "Clinical Linguistics".

Inclusion and Exclusion Criteria

The inclusion criteria encompassed studies that investigated the application of Al or ML in
identifying, assessing, or treating speech and language disorders, incorporated linguistic features
such as phonetic, prosodic, or semantic elements into Al models, were published in English
between 2013 and 2025, and were based on clinical datasets or realistic experimental conditions.
Exclusion criteria were applied to studies focusing solely on speech synthesis or text-to-speech
systems unrelated to disorders, studies that did not employ AI or ML techniques, and studies
without methodological clarity or accessible full text.

Data Extraction and Categorization

Data extraction involved recording details from each selected study, including the type of speech
disorder under investigation, the Al or ML methods implemented, the linguistic features analyzed,
the intended application type, and the population and language context. The collected studies were
subsequently organized into thematic areas that covered diagnosis and classification systems,
automatic speech recognition for disordered speech, natural language processing for linguistic
profiling, multimodal and cross-lingual approaches, and integration into clinical workflows with
considerations of usability.

Data Analysis

A thematic analysis approach was employed to identify recurring patterns, emerging technological
trends, and the methodological strengths and weaknesses of the studies reviewed. The process
involved iterative reading, coding of the extracted data, and synthesis into overarching themes that
reflect the current state of Al and ML in speech-language pathology. The quality of each study was
appraised using established tools, including QUADAS-2 for diagnostic accuracy studies,
CONSORT-AI for clinical trials involving Al, and the Mixed Methods Appraisal Tool (MMAT)
for mixed-methods research.

Ethical Considerations

As this review draws exclusively on previously published studies, there was no direct involvement
of human participants or collection of new data. Nonetheless, all ethical guidelines for academic
research were observed, including accurate attribution of sources, avoidance of plagiarism, and
compliance with intellectual property rights.

330 WISE [ocicikan



RESULTS AND DISCUSSION

Diagnostic Applications of AI and ML in Speech Disorders

The integration of Al and ML in diagnosing speech disorders has substantially transformed the field
of speech-language pathology (SLP). These technologies offer a more objective, scalable, and
efficient diagnostic approach for conditions such as dysarthria, stuttering, apraxia, and aphasia. By
analyzing various acoustic and prosodic features of speech, Al and ML models can detect subtle
discrepancies that are often difficult for clinicians to identify manually, enabling earlier detection
and more precise treatment interventions.

Key Al and ML Techniques for Diagnosing Speech Disorders

Several Al and ML techniques have been applied effectively to analyze speech patterns and
diagnose speech disorders. Among these, CNNs, RNNs, and SVMs have shown notable success in
the clinical context.

o CNNs are primarily used for analyzing acoustic features, detecting phonetic distortions, and
identifying articulatory errors, which are key indicators in disorders like dysarthria. CNNs
are particularly effective in distinguishing fine-grained variations in speech that result from
neuromuscular impairments.

e RNNs are particularly well-suited for speech fluency disorders, such as stuttering. They
excel at processing sequential data and are capable of analyzing temporal aspects of speech,
such as rhythm, pauses, and rate of speech, which are disrupted in stuttering.

e SVMs are applied to analyze prosodic features in speech and have shown effectiveness in
diagnosing apraxia of speech, which involves difficulty in coordinating the movements
needed for speech production, often characterized by inconsistent errors in articulation.

These AI/ML techniques have demonstrated remarkable diagnostic accuracy, with some
studies reporting accuracies exceeding 85% in identifying various speech disorders. The use of Al
models significantly improves diagnostic efficiency, making them valuable tools in clinical settings
where early and accurate diagnosis is crucial for timely intervention.

Performance and Diagnostic Accuracy

The performance of Al and ML models in speech disorder diagnosis has been promising, with
studies showing high diagnostic accuracy. For instance, CNNs have been shown to effectively
detect subtle articulation issues in dysarthria, while RNNs are adept at identifying the disruptions
in fluency characteristic of stuttering. The high accuracy levels achieved by these models surpass
those typically associated with human diagnosis, where subjectivity and time limitations often
hinder precise results.

These advances are clearly demonstrated in Table 1, which summarizes various studies on
the application of AI/ML in diagnosing speech disorders. The table details the AI methods used,
the types of speech disorders targeted, and the sample sizes for each study, providing a clear picture
of the diagnostic capabilities of these Al-driven tools.
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Table 1. Studies on Speech Disorders Utilizing AI/ML Techniques with Quality Appraisal Scores
Based on Tools Such as QUADAS-2, CONSORT-AI, and MMAT

Authors Year  Speech AI/ML Sample Study Quality
Disorder Method Size Design Appraisal
Tool
Lin et al. [20] 2021 Dysarthria CNN + 120 Experimental CONSORT-AI
Phonetic
Posteriorgram
(PPG)
Alharbi et al. 2020 Stuttering CRF + Bi- 85 Diagnostic QUADAS-2
[21] LSTM Accuracy
Hsuetal. [22] 2024 Dysarthria FEM + 50 Experimental MMAT
Diffusion
Models
Themistocleous 2024 Autism NLP + 120  Diagnostic MMAT
etal. [23] Spectrum  XGBoost 2.0 Accuracy
Disorder
(ASD)
Shih et al. [11] 2022 Dysarthria CNN + GRU 160 Experimental CONSORT-AI
Zheng et al. 2022 Dysarthria Voice 40 Experimental MMAT
[24] Conversion +
PPG
Fusaroli et al. 2023  Autism NLP 67 Longitudinal MMAT
[25] Spectrum Study
Disorder
(ASD)

As demonstrated in Table 1, these studies leverage various AI/ML techniques, including
CNNs, RNNs, Support Vector Machines (SVMs), and NLP, to diagnose a range of speech
disorders. For example, Lin et al. [20] utilized CNNs with PPG features to diagnose dysarthria,
achieving significant accuracy with 120 participants. Alharbi et al. [21] applied CRF and Bi-LSTM
networks for stuttering detection, highlighting high diagnostic accuracy with 85 participants. Hsu
et al. [22] introduced Fuzzy Expectation Maximization (FEM) integrated with diffusion models for
dysarthria diagnosis, with 50 participants, demonstrating improvements in phoneme prediction
accuracy and voice conversion. Themistocleous et al. [23] explored NLP models for diagnosing
ASD, with a sample of 120 participants, while Fusaroli et al. [25] employed NLP for ASD, using a
longitudinal study design with 67 participants, highlighting the predictive value of caregiver
linguistic alignment in ASD. Shih et al. [11] utilized a hybrid CNN-GRU model for dysarthria
diagnosis, showing high performance with 160 participants. Zheng et al. [24] focused on improving
speech intelligibility in dysarthria through voice conversion combined with PPG, involving 40
participants. Collectively, these studies demonstrate the growing potential of AI/ML in providing
more precise, efficient, and accessible diagnostics for speech disorders, surpassing traditional
diagnostic methods.

Challenges and Limitations
Despite the promising results, there are several challenges associated with the use of AI/ML in
speech disorder diagnosis. One of the primary limitations is the lack of diverse and comprehensive
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datasets. Many current Al models are trained on datasets primarily consisting of English-language
speech data, which limits their effectiveness in diagnosing disorders in non-English-speaking
populations. Additionally, these models are often trained on relatively small sample sizes, which
restricts their generalizability to larger and more diverse populations.

The studies highlighted in Table 1 reveal that the sample sizes used in these studies ranging
from 50 to 200 participants are still relatively small, and often reflect a narrow demographic. This
limits the ability of the models to account for the broad range of speech patterns found across
different age groups, cultural contexts, and linguistic backgrounds. For instance, the study by Conti
et al. [26] on childhood apraxia used an SVM model with prosodic features, but the sample was
limited to a specific demographic, which may affect the model’s ability to generalize to other
populations.

Another challenge is the interpretability of deep learning models. While these models
achieve high accuracy, they are often criticized for being "black-box" systems, making it difficult
to understand how decisions are made. This lack of transparency can hinder the adoption of AI/ML
tools in clinical settings, where clinicians need to trust and understand the reasoning behind
diagnostic outputs. Explainable Al (XAI) frameworks are therefore crucial in making these models
more interpretable and fostering trust among clinicians.

Future Directions

The future of Al and ML in speech disorder diagnosis lies in addressing these challenges. First,
expanding the diversity of speech disorder datasets is essential for ensuring that Al models are
applicable across various linguistic and cultural contexts. Multilingual datasets will be crucial for
adapting these models to diagnose speech disorders in non-English-speaking populations.

In addition, developing XAI solutions will be important for increasing transparency and
trust. Clinicians must be able to understand how an Al model arrives at its conclusions in order to
integrate these tools effectively into clinical workflows. Future Al models should also focus on
multimodal data integration, where visual cues such as lip movements and facial expressions are
combined with acoustic data for more robust diagnostics.

AI-Powered Tools for Speech Therapy and Intervention

The integration of Al into speech therapy and intervention has not only enhanced diagnostic
processes but also revolutionized therapeutic approaches. Al-powered tools are increasingly being
used to deliver personalized, adaptive interventions that cater to the individual needs of patients
with speech disorders. These tools have enabled real-time feedback, progress tracking, and remote
therapy, addressing gaps in service delivery, particularly for underserved populations in rural or
resource-constrained settings. By leveraging speech recognition, NLP, and reinforcement learning,
these tools offer a more dynamic and responsive approach to therapy than traditional methods.
Adaptive Therapeutic Interventions

Al-based therapeutic tools are able to adjust the difficulty and type of exercises in response to a
patient’s progress, simulating the adaptive intervention strategies typically employed by human
SLPs. One such method is reinforcement learning, where the system dynamically adapts exercises
to match the patient’s evolving needs. As illustrated in Figure 1, Al-powered systems track speech
input from the patient, which is then processed using ASR technology. This process involves
several stages: acoustic analysis, NLP processing, and ultimately, the provision of real-time
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feedback to the patient. This feedback loop mimics the personalized and progressive nature of
human-led therapy, adjusting the difficulty based on the patient’s responses.

Duolingo f

Al based
tools for
Assessment

Figure 1. Al based tools for Assessment

Figure 1 offers a schematic overview of the Al-powered workflow used in speech therapy.
The process begins with the patient’s speech input, which is analyzed using ASR to detect phonetic,
prosodic, and semantic discrepancies. The data is then processed through NLP algorithms to assess
the quality of speech. Finally, the system provides real-time feedback to the patient. Additionally,
the therapy system dynamically adjusts the difficulty level of subsequent exercises according to the
patient’s progress, ensuring personalized therapy that evolves with the patient’s needs.

The feedback loop facilitated by this technology is key to providing interventions that can
be personalized and adjusted based on each patient’s ongoing progress. For example, a system could
begin with basic phonetic articulation exercises for a patient with dysarthria, gradually increasing
in complexity as the patient improves. As the patient advances, the system may introduce more
complex speech tasks, such as sentence formation or exercises that target speech fluency, further
tailoring the therapy to match their developing capabilities.

The ability of these systems to modify therapy dynamically based on real-time feedback is
crucial for tracking patient progress and making timely adjustments to the therapy plan. This not
only allows for better tracking of improvements but also ensures that the patient receives the most
relevant and effective interventions as they advance through the therapy stages.

Furthermore, the incorporation of reinforcement learning ensures that therapy is not static.
The system adjusts in real time, providing patients with exercises that continually challenge them,
helping them to improve gradually while avoiding the frustration of tasks that are either too difficult
or too easy. This personalized, adaptive approach enhances patient engagement and the
effectiveness of therapy, leading to improved outcomes over time.

Applications of Natural Language Processing in Linguistic Profiling

NLP has become a critical tool in linguistic profiling within clinical linguistics. By automating the
analysis of syntactic, semantic, and discourse-level features, NLP enhances the ability to diagnose
and assess speech disorders, such as aphasia, ASD, and neurodegenerative conditions like
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Alzheimer's disease. Techniques such as POS tagging, dependency parsing, and semantic similarity
measures help identify linguistic irregularities, reduced lexical diversity, and semantic incoherence.
NLP Techniques for Linguistic Profiling

NLP techniques have become indispensable in the analysis of speech disorders, particularly in
clinical linguistics. POS tagging is widely used to identify grammatical errors and omissions, which
are particularly evident in conditions like aphasia, where patients often struggle with the correct use
of words or sentence construction. By classifying words into categories such as nouns, verbs,
adjectives, etc., POS tagging helps reveal discrepancies in speech structure, offering valuable
insights into the patient's linguistic capabilities. Another important technique is dependency
parsing, which analyzes the syntactic relationships between words in a sentence. This is especially
useful for detecting disruptions in sentence structure, commonly seen in disorders like apraxia,
where patients may have difficulty sequencing words and forming coherent sentences. Furthermore,
semantic similarity measures are used to evaluate the coherence and relevance of the words used in
a sentence. This technique plays a crucial role in detecting semantic incoherence, which is a
hallmark of neurodegenerative conditions such as Alzheimer’s disease, where patients often
produce speech that lacks logical flow or contextually appropriate word choices. Together, these
NLP techniques provide a detailed and automated method for assessing linguistic abilities, making
them essential for diagnosing and monitoring various speech disorders.

NLP Workflow in Speech Disorder Assessment

The NLP workflow for speech disorder assessment, as illustrated in Figure 2, begins with
tokenization, which breaks down continuous speech into smaller, manageable units like words and
punctuation. This step is essential for organizing the speech into analyzable parts. Following
tokenization, lemmatization reduces words to their root forms, ensuring consistency in the analysis
by treating different word forms as a single entity. Next, syntactic parsing identifies the grammatical
relationships between words in a sentence, which is particularly useful for detecting sentence
construction issues in conditions like aphasia or motor speech disorders, where sentence structure
may be impaired. Finally, semantic coherence evaluation assesses the logical flow and consistency
of speech, helping to identify semantic inconsistencies, which are often seen in neurodegenerative
diseases like Alzheimer's, where patients might exhibit disorganized or incoherent speech patterns.
These steps collectively automate the process of analyzing speech, improving both the accuracy
and consistency of diagnosing linguistic impairments.

cLOg U
’ \_\
'
co reference
resolution :

N

Figure 2. NLP Workflow in Speech Disorder Assessment
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Challenges and Limitations

While NLP offers significant advantages, its performance can be limited when applied to disordered
speech. Models trained on normative datasets may struggle with the atypical patterns found in
speech disorders, such as those seen in aphasia and autism. This limitation underscores the need for
domain-specific data that reflects the linguistic nuances of disordered speech. As pointed out by
Fraza et al. [27], applying normative models without adaptations to disordered speech can lead to
inaccurate assessments.

Future Directions

The future of NLP in clinical linguistics lies in multilingual datasets and more domain-specific
training. Models need to be trained on speech from individuals with various disorders to improve
their accuracy and generalizability. Additionally, multimodal data, such as incorporating facial
expressions and gestures, could enhance the analysis and provide a more comprehensive assessment
of speech disorders.

Multimodal and Cross-Lingual Approaches

The integration of multimodal data sources, such as visual lip movements, facial expressions, and
articulatory gestures, has significantly enhanced the performance and robustness of Al-based
speech disorder assessments. Visual speech recognition systems, when combined with acoustic
models, provide a more comprehensive diagnostic insight, especially for individuals with severe
motor impairments who may struggle to produce clear speech. Studies such as Majda-Zdancewicz
et al. [28] highlight how multimodal systems that integrate both audio and visual cues can improve
diagnostic accuracy, particularly in conditions like dysarthria or Parkinson’s disease, where speech
clarity is often compromised. These systems allow clinicians to analyze both articulatory and
acoustic features, improving the diagnosis of disorders where motor control impacts speech
production.

Moreover, cross-lingual adaptation has become a critical area of focus in expanding the
applicability of Al systems across non-English and low-resource language populations. Recent
advances in multilingual transformer models such as BERT (Bidirectional Encoder Representations
from Transformers) have demonstrated the potential for fine-tuning Al models to work across
multiple languages, reducing the dependency on large language-specific corpora. Dubey et al. [29]
emphasized that cross-lingual transfer learning, particularly through models like multilingual
BERT, can bridge the gap between English-based training data and the linguistic patterns of non-
English languages, making Al systems more accessible and applicable in diverse linguistic
contexts.

However, these multilingual models still face challenges, particularly in adapting to low-
resource languages. Hunt et al. [30] point out that the scarcity of high-quality, multilingual data for
speech disorders limits the effectiveness of these systems in accurately diagnosing speech
impairments across different linguistic groups. Furthermore, cultural differences and regional
dialects can complicate the training of Al models, which underscores the need for domain-specific
datasets that are reflective of the diverse linguistic and cultural variations in speech disorders.

Figure 3 provides a thematic synthesis of the Al and ML techniques employed across
various application domains, showcasing the integration of multimodal systems and cross-lingual
models in speech disorder assessments. The figure outlines the key benefits and persistent
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challenges of using these methods, particularly in the context of multilingual adaptation and the
ethical governance of Al tools.

Visual Data Multilingual
Lip movemenits, facial Improved speech BERT
expressions disorder assessment Cross-lingual

adaptation for dialects

| —

"

| =

Multimodal Integration

Diagnostic
Challenges

Improved
Assessment

Figure 3. Multimodal and Cross-Lingual Al Integration

Figure 3 illustrates the integrated approach of combining visual data (e.g., lip movements
and facial expressions) with acoustic models for improved speech disorder assessment. It highlights
the various AI/ML techniques such as multilingual BERT for cross-lingual adaptation and shows
how these tools can be used to address diagnostic challenges across diverse linguistic populations.
The figure also provides a synthesis of application domains, the benefits of integrating these
multimodal and cross-lingual approaches, and the persistent challenges such as data scarcity and
cultural diversity gaps.

Despite these advancements, as summarized in Table 2, there remain significant challenges,
particularly in the areas of generalizability and data availability. Multilingual Al models have been
able to provide some degree of adaptation to non-English languages, but they still struggle with
small and homogeneous datasets, making it difficult to develop truly universal diagnostic tools. The
issue of linguistic diversity, especially in low-resource languages, persists as a major limitation,
affecting the scalability of Al systems designed to assess speech disorders in diverse populations.

Table 2. Summarizing the Utilization of Al and ML in Speech Disorders

Application Area  AI/ML Techniques Key Benefits Major Challenges
Used

Diagnosis CNNs, RNNS, High accuracy in Limited generalizability;

SVMs, LSTM classifying speech small, homogeneous
impairments datasets

Screening & NLP, Acoustic Early detection of Lack of standardization;

Assessment Feature Extraction, disorders; real-time  limited testing on diverse
ASR quantification users

Intervention & Reinforcement Personalized therapy Limited clinical

Therapy Learning, Decision and feedback; oversight; insufficient
Trees remote accessibility  outcome studies
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Application Area

AI/ML Techniques
Used

Key Benefits

Major Challenges

Linguistic Analysis

POS Tagging,
Parsing, Embedding
Models

Detailed profiling of
syntax, semantics,
fluency

Poor robustness on
atypical/disordered
speech

Multilingual Transfer Learning, Cross-lingual Data scarcity; cultural
Applications Multilingual BERT  adaptation; low- and linguistic diversity
resource language gaps
support
Ethical & Clinical N/A (Design Emphasizes Lack of transparency,
Concerns Principles) explainability, user ~ patient data privacy,

trust, and fairness regulatory hurdles

As seen in Table 2, the research on diagnostic tools has been prolific, yet multilingual
adaptability and ethical governance remain under-explored areas. The potential of cross-lingual
adaptation using methods like transfer learning with multilingual BERT is significant, but the field
still faces challenges related to data scarcity, cultural gaps, and the lack of transparency in Al
models.

Effectiveness of Different Machine Learning Algorithms

Performance comparisons of various ML algorithms, including Support Vector Machines (SVMs),
Decision Trees, K-Nearest Neighbors (KNNs), Artificial Neural Networks (ANNs), Convolutional
Neural Networks (CNNs), and Recurrent Neural Networks (RNNs), are visualized in Figures 3-8.
These figures present a comparative analysis of how each algorithm performs in speech disorder
diagnostics, focusing on their accuracy, computational efficiency, and interpretability. It is evident
that while deep learning methods, particularly CNNs and RNNSs, consistently outperform traditional
approaches in terms of accuracy, they come with trade-offs in terms of interpretability and
computational efficiency. This trade-off between performance and interpretability is a well-
established issue in Al research, especially in clinical applications where understanding model
decisions is crucial for clinicians. Hasan Saif et al. [31] and Amiri et al. [32] found that deep
learning models such as CNNs and RNNs achieve higher accuracy rates in complex tasks like
speech signal processing but are often criticized for being black-box models, making it challenging
to explain their reasoning, which is vital for adoption in clinical settings.

Support Vector Machines (SVMs)

SVMs have been widely employed for speech classification tasks, especially in the context of
diagnosing motor speech disorders like dysarthria. As shown in Figure 4, SVMs demonstrate strong
generalization capabilities, particularly when the dataset is small and well-labeled. SVMs excel at
finding hyperplanes that separate different classes of speech signals, offering high accuracy for
linear classifications. However, SVMs can struggle with non-linear data and larger datasets,
requiring more sophisticated kernel functions to maintain performance. Lever et al. [33] highlights
that SVMs work best in high-dimensional spaces, where the feature set is carefully selected, which
can be a limitation in dealing with unstructured speech data, which can be abundant in real-world
clinical settings.
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Figure 4. Effectiveness of SVMs Algorithms

K-Nearest Neighbors (KNNs)

KNNs are a simple yet effective algorithm for speech disorder classification, especially in terms of
their intuitive approach to decision-making. As demonstrated in Figure 5, KNNs classify speech
samples based on their proximity to labeled training data points, making them particularly well-
suited for non-parametric speech recognition tasks. One advantage of KNNs is their ability to work
well with small, localized datasets. However, KNNs suffer from significant computational
inefficiency, especially as the dataset grows, because they require calculating the distance between
test samples and all training samples at prediction time. Rasul et al. [34] found that KNNs perform
relatively well in early-stage diagnosis of autism spectrum disorder (ASD) but are less effective for
more complex disorders where the data structure is highly non-linear.

20
15 S— '—._/_,/
T Accuracy
10
Recurrent
5 Privacy
0
KNN

Figure 5. Effectiveness of KNNs Algorithms

Artificial Neural Networks (ANNs)

ANN:s, particularly feed-forward neural networks, are foundational to many speech recognition and
classification tasks. As illustrated in Figure 6, ANNs are capable of learning complex non-linear
relationships between input features and output labels, making them useful for identifying patterns
in speech data that traditional algorithms may miss. ANNs have demonstrated good performance
in diagnosing speech disorders such as aphasia and stuttering. However, ANNs require large
amounts of labeled data for training and can be prone to overfitting if not properly regularized.
Abiodun et al. [35] emphasized that, although ANNs are powerful for speech disorder classification,
their performance can vary significantly depending on the network architecture and training data
used.
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Figure 6. Effectiveness of ANNs Algorithms

Convolutional Neural Networks (CNNs)

CNN s have revolutionized image-based and speech signal processing tasks due to their ability to
capture hierarchical features from raw data. As shown in Figure 7, CNNs are particularly effective
in recognizing spatial hierarchies in speech spectrograms, which makes them well-suited for speech
classification tasks. The deep architecture of CNNs allows them to automatically learn and extract
features from speech signals, leading to high accuracy rates in diagnosing complex speech disorders
like dysarthria and aphasia. Gupta et al. [36] demonstrated that CNNs outperform traditional models
in terms of diagnostic accuracy in the context of speech disorder recognition but are
computationally expensive, requiring substantial resources for training and inference.
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5 Privacy
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Figure 7. Effectiveness of CNNs Algorithms

Recurrent Neural Networks (RNNs)

RNNs have become the go-to model for speech disorder analysis, particularly for sequential data
such as speech signals, where the timing of events plays a crucial role. Figure 8§ illustrates the
effectiveness of RNNs in capturing temporal dependencies in speech, making them ideal for
analyzing fluency and rhythm-related disorders like stuttering. Unlike CNNs, which focus on
spatial features, RNNs excel in tasks where the order and context of the data matter, such as in
detecting delayed speech onset or prosodic abnormalities. However, the vanishing gradient problem
remains a challenge for traditional RNNs, limiting their performance in long-term sequence
predictions. Ken et al. [37] suggested that more advanced Long Short-Term Memory (LSTM)
models can overcome this issue by maintaining better memory of previous inputs.
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Figure 8. Effectiveness of RNNs Algorithms

Comparison and Performance Overview

Figure 9 provides a consolidated overview of the performance comparison of various machine
learning algorithms in speech disorder diagnosis, showcasing the relative strengths and weaknesses
of SVMs, Decision Trees, KNNs, ANNs, CNNs, and RNNs. While deep learning techniques such
as CNNs and RNNs consistently outperform traditional algorithms in terms of accuracy, they come
with significant trade-offs in terms of interpretability and computational efficiency. These models
require large amounts of labeled data, and training them can be resource-intensive. Moreover, while
CNNs and RNNs excel in accuracy, their black-box nature makes it difficult for clinicians to
understand the rationale behind the model's predictions, which is a critical issue in medical
applications where trust and explainability are key. Ding et al. [38] noted that CNNs and RNNs are
best suited for large-scale speech disorder datasets but may not be as practical for smaller datasets
or real-time applications.
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Figure 9. Effectiveness of Different Machine Learning Algorithms

Complementing these visual results, see Table 3 provides a detailed overview of Al-
powered assistive technology personalization features. These include adaptive vocabulary learning,
voice customization, and context-aware suggestions, which significantly improve user engagement
and accessibility. This table emphasizes that personalization is a critical determinant in the
successful adoption of assistive communication technologies.

Table 3. Al-Powered Assistive Technologies: Personalization Overview

Feature How It Supports Example
Individual Needs
Adaptive Vocabulary Learns the user’s common Predictive text in AAC devices
words and phrases suggests personalized words
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Feature How It Supports Example

Individual Needs
Voice Customization Mimics or restores a user’s  Al-generated voice clones for
natural voice users with ALS
Context-Aware Suggestions  Adapts communication Recommends phrases like "I'm at
based on time, location, or school" during the day
activity
Multimodal Input Support Accepts eye gaze, touch, Eye-tracking systems for non-
head movement, or voice verbal users
commands
Cultural and Language Supports multiple languages Bilingual AAC tools with region-
Options and local dialects specific vocabulary
User-Controlled Settings Lets users and caregivers Customizing interface size,
adjust features and privacy output speed, or tone
settings

AI-Powered Assistive Technologies
The integration of Al into assistive technologies has profoundly enhanced the capabilities of tools
designed for individuals with speech and language impairments. Recent advancements in
personalization features such as adaptive vocabularies, voice customization, and context-aware
phrase prediction have significantly improved user engagement and communication effectiveness.
These personalization strategies allow assistive devices to adapt to individual needs, creating more
natural and accessible interactions for individuals with neurological or speech-related disorders,
such as amyotrophic lateral sclerosis (ALS), aphasia, and autism spectrum disorder (ASD).
Adaptive vocabularies are central to these advancements. They enable the system to learn
the user’s preferred words and phrases over time, providing suggestions based on frequent
interactions. Predictive text functions in Augmentative and Alternative Communication (AAC)
devices, such as those used by individuals with ALS, suggest personalized words or phrases as
users communicate, reducing the effort required to find appropriate terms. This approach aligns
with FElsahar et al. [39], who explored how AAC systems with predictive text improve
communication speed and reduce cognitive load for individuals with motor impairments. Their
research emphasizes the critical role of predictive algorithms in enhancing speech accessibility.
Voice customization is another powerful feature that has gained prominence, especially for
individuals who have lost the ability to speak due to neurodegenerative diseases. Al-generated voice
cloning has been successfully applied to restore or mimic a user’s natural voice. For instance,
Angrick et al. [40] demonstrated the efficacy of voice synthesis technology in restoring speech for
patients with ALS, allowing them to communicate using a synthetic voice that closely resembles
their natural one. The emotional impact of maintaining a familiar voice, rather than using a generic
synthetic voice, was shown to enhance the overall well-being of patients, making voice
customization a critical component in maintaining personal identity during disease progression.
Context-aware phrase prediction further improves communication by adapting suggestions
based on external factors, such as time of day, location, and current activity. Nichol et al. [41]
explored the potential of context-aware communication systems for individuals with aphasia,
finding that systems capable of suggesting relevant phrases based on the user’s context led to more
fluid and efficient conversations. For example, suggesting phrases like “I am at home” or “I need
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help” depending on the user’s location improved the efficiency and naturalness of communication.
Context-aware systems also provide emotional support by reducing frustration, which is often
experienced by individuals with communication difficulties.

These personalization features are visualized in Figure 10, which summarizes their
implementation and benefits. The figure highlights how these technologies adaptive vocabularies,
voice customization, and context-aware phrase prediction contribute to the overall effectiveness of
assistive technologies by improving accessibility and promoting natural communication. A key
takeaway from Figure 10 is the importance of user-centered design in ensuring the sustained
adoption and efficacy of these technologies in real-world settings. Personalization has been
identified as a critical determinant for successful integration in daily life, especially for people with
severe speech impairments.

O Adaptive Vocabulary  OVoice Customization Context  OCultural Options

Figure 10. Personalization Features in Al-Powered Assistive Technologies

Figure 10 visualizes the core personalization features of Al-powered assistive technologies,
including adaptive vocabularies, voice customization, and context-aware phrase prediction. It
underscores the role of user-centered design, emphasizing how these features lead to enhanced
accessibility, better engagement, and improved communication for individuals with speech and
language impairments. The figure also highlights the dynamic relationship between personalization
and real-world adoption.

The user-centered design approach, emphasized in Figure 10, ensures that the technology
adapts to individual needs and provides a tailored experience. This approach not only boosts the
effectiveness of the technology but also ensures greater user satisfaction and long-term adoption.
Kumar et al. [42] argue that personalization is essential for engaging users, as it makes the
technology feel more intuitive and responsive to their needs, particularly for individuals who rely
on these tools for daily communication.

Ethical, Technical, and Clinical Considerations

The integration of Al into SLP introduces significant ethical, technical, and clinical challenges that
must be carefully addressed to ensure effective and equitable deployment. As Al models become
more prevalent in diagnosing and treating speech and language disorders, issues related to ethics,
transparency, and inclusivity become increasingly important. Ethical considerations, such as bias
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in Al models, data privacy, and patient consent, must be prioritized to prevent discrimination and
ensure that Al tools are used fairly across diverse populations.

One of the major ethical concerns is the lack of transparency in Al decision-making
processes. Many Al models, especially deep learning models like CNNs and RNNs, operate as
“black boxes.” These models are highly accurate but are difficult for clinicians to interpret, which
can erode trust in their use. As Sadeghi et al. [43] highlighted, the inability to explain how a model
reaches its conclusions makes it challenging for healthcare professionals to rely on these systems,
particularly when they are making clinical decisions. XAl frameworks are emerging as a promising
solution, aiming to provide more interpretability in Al systems. XAl approaches are designed to
make Al decision-making more transparent, enabling clinicians to understand the rationale behind
a model’s output. According to Mienye et al. [44], XAl can significantly enhance clinician trust, as
it allows them to validate Al outputs and incorporate them into their clinical judgment more
confidently. Furthermore, human-in-the-loop (HITL) systems, where human clinicians are actively
involved in the decision-making process, have been proposed to mitigate the risks associated with
black-box models. HITL systems ensure that Al tools serve as assistive technologies rather than
replacing human expertise.

Another crucial consideration is the need for inclusive Al models that reflect the diversity
of speech disorders across ages, genders, and languages. Research by Xia et al. [45] emphasizes the
need for diverse datasets that include a range of speech disorders, linguistic backgrounds, and
cultural contexts. Current Al models, particularly those trained on predominantly English-language
corpora, struggle with low-resource languages and cultural diversity. The lack of representation in
datasets can lead to biased Al predictions, making it difficult to provide equitable care to non-
English-speaking or underrepresented populations. To address this, Al tools must be developed
with multilingual capabilities and designed to handle diverse speech patterns across cultures.
Roumeliotis et al. [46] demonstrated that fine-tuning multilingual models like BERT to handle
multiple languages significantly improves their performance in non-English settings, ensuring that
Al systems can be applied globally.

User-centered design is another critical element in the development of Al-based speech-
language technologies. According to Pascoe et al. [47], involving clinicians in the design process
ensures that Al tools align with real-world clinical needs and workflows. Clinicians are best
positioned to provide feedback on the practicality and usability of Al systems, leading to more
effective tools that integrate seamlessly into clinical environments. Additionally, Al systems should
feature user-friendly interfaces that simplify interactions for both clinicians and patients. The ease
of use is crucial to encourage adoption and ensure that patients, especially those with speech and
cognitive impairments, can effectively engage with the technology.

Multimodal data integration combining speech with non-verbal cues like facial expressions,
gestures, or even brain signals has shown great promise in improving the accuracy and
understanding of speech disorders. Ziegler et al. [48] demonstrated that integrating visual data from
lip movements and facial expressions with acoustic signals can help overcome challenges in
diagnosing motor speech disorders such as dysarthria. The use of multimodal data allows for a more
holistic view of a patient’s communication abilities, improving diagnosis and treatment outcomes.
For instance, a patient with severe dysarthria may still be able to communicate effectively through
facial cues or gestures, which can be captured and integrated by multimodal AT systems.
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Finally, it is essential to test Al tools in real-world settings to ensure their effectiveness
beyond controlled environments. Pilot testing in clinics, homes, and schools allows for the
identification of potential challenges and barriers to adoption before Al tools are rolled out more
widely. Jelassi et al. [49] conducted field trials of speech therapy Al tools and found that testing in
real-world environments led to significant improvements in usability and patient compliance. These
tests provide valuable insights into how Al tools perform when used by a broader, more diverse
population and help fine-tune the technology for optimal performance.

Table 4. Strategies for Advancing Al and ML in SLP

Strategy Description Expected Benefit
Build Diverse Speech Collect data from various More accurate and inclusive Al
Datasets speech disorders, ages, and ~ models
languages

Involve Clinicians in Design ~ Work with speech-language  Tools that meet real clinical
pathologists (SLPs) during needs

development
Improve Model Make Al decisions easy to Builds trust with users and
Transparency understand professionals
Support Multiple Languages Train models for non- Expands global accessibility
English and
underrepresented languages
Use Multimodal Data Combine speech with Better understanding of
gestures, facial cues, or communication abilities
brain signals
Create User-Friendly Design tools that are easy Improves adoption and daily
Interfaces for patients and clinicians to  usability
use
Test Tools in Real Pilot tools in clinics, homes, Ensures effectiveness in real-
Environments and schools world settings
CONCLUSION

This review highlights the significant potential of Al and ML in diagnosing and managing speech
disorders, offering improvements in diagnostic accuracy, therapeutic efficiency, and accessibility
for underserved populations. While techniques such as CNNs, RNNs, and SVMs have
demonstrated promising results in identifying speech impairments, challenges remain, including
limited access to diverse datasets, issues with generalizability across languages, and a lack of
transparency in deep learning models. To ensure broader applicability and inclusion, future research
must focus on the development of multilingual models, multimodal approaches, and the integration
of XAI and HITL systems, which are essential for ensuring transparency, trust, and clinical
acceptance. Despite the promising advances, further efforts are needed to address these challenges
and enhance the integration of Al and ML into clinical practice.
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LIMITATIONS

This review has several limitations that should be considered. First, the focus is primarily on Al and
ML applications in diagnosing and treating speech disorders, which may exclude other promising
technological advancements in the field of speech-language pathology. Second, the studies reviewed
are predominantly based on English-language datasets, which limits the generalizability of the
findings to non-English-speaking populations and multilingual contexts. Furthermore, the relatively
small sample sizes in many studies, as well as the homogeneity of the participant groups, may affect
the robustness and applicability of the AI models across diverse clinical settings and cultural
backgrounds. Finally, while the review addresses technical challenges, ethical considerations such
as data privacy, model biases, and the regulatory framework for AI in healthcare are briefly
discussed but require more in-depth exploration for practical implementation in clinical
environments.
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