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ABSTRACT 

Background: Artificial Intelligence (AI) is increasingly discussed as a tool that can support speech and language therapy (SLT). 
However, clinical adoption of AI requires improved AI literacy among clinicians. AI is a rapidly evolving and often inconsistently 
defined field that can be difficult to navigate. Despite the definition provided by the EU AI Act, AI terminology can feel abstract 
for non-technical readers. 
Aims: To provide a foundational understanding of AI tailored for SLTs, by translating complex concepts into accessible language 
and organising them across three levels: (i) AI techniques (how AI works); (ii) AI capabilities (what AI can do) and (iii) clinical 
applications (how AI can support SLT). 
Methods: This tutorial is informed by foundational AI literature, established AI taxonomies, relevant SLT literature and regulatory 
and ethical guidelines. Clinical analogies are used to explain technical concepts, with additional technical detail signposted where 
relevant. Existing and conceptual examples illustrate the relevance of AI across paediatric SLT practice. 
Main contribution: This tutorial provides: (i) a clinician-focussed interpretation of the EU AI Act definition; (ii) an organisation 
of key AI concepts into techniques, capabilities and clinical applications; (iii) a production-line model for mapping clinical needs 
to AI design choices and (iv) a practice-focussed discussion of ethical and regulatory considerations. 
Conclusion: AI is best understood as a set of techniques that enable specific capabilities, which in turn support clinical 
applications. This tutorial promotes the safe, ethical and accountable use of AI as a tool that can support rather than replace 
clinicians. 

WHAT THIS PAPER ADDS 
What is already known on this subject 
∙ Current Artificial Intelligence (AI) literature is typically designed for technical audiences, making it difficult for clinicians to 
interpret. This can hinder the effective and responsible integration of AI into clinical practice. 

What this paper adds to the existing knowledge 
∙ This tutorial provides a clinician-focussed explanation of AI, structured across three levels: (i) AI techniques ( how AI works); 
(ii) AI capabilities ( what AI can do) and (iii) clinical applications (how AI supports practice) in paediatric speech and language 
therapy. It also addresses key challenges, ethical considerations and regulatory requirements relevant to clinical contexts. 

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any medium, provided the original work 
is properly cited, the use is non-commercial and no modifications or adaptations are made. 
© 2026 The Author(s). International Journal of Language & Communication Disorders published by John Wiley & Sons Ltd on behalf of Royal College of Speech and Language Therapists. 
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1 Introduction: The Challenge of Deciphering AI 

Artificial Intelligence (AI) is expected to impact every corner of 
modern life, including healthcare. Liss and Berisha ( 2020 ) pro- 
pose that AI can enhance the profession of speech and language 
therapy by facilitating more efficient clinical documentation, 
providing assistive technologies for clients, permitting objective 
assessment and personalising practice. Yet for many clinicians, 
AI remains an ambiguous concept and understanding what it is 
and how it applies to SLT, can feel like trying to solve a jigsaw 

puzzle without a reference image. 

Currently, there is no universally agreed-upon definition of AI, 
with the term often described as technology that mimics human 
intelligence (e.g., Cordella et al. 2024 ). However, as human intel- 
ligence itself is not fully understood, this explanation remains 
inherently vague. Misconceptions are also common. For instance, 
many associate AI solely with modern tools such as ChatGPT or 
personalised social media feeds, overlooking older technologies 
and broader applications (Mitchell 2020 ). 

Amid this lack of clarity, Regulation (EU) 2024/1689 on AI, 
referred to as the EU AI Act (European Parliament and Council of 
the European Union 2024 ) introduced a formal definition that is 
increasingly recognised as a gold standard within the AI research 
community. According to the Act: 

“An AI system means a machine-based system that,
for explicit or implicit objectives, infers, from the
input it receives, how to generate outputs such as
predictions, content, recommendations, or decisions
that can influence physical or virtual environments.
Different AI systems vary in their levels of autonomy
and adaptiveness after deployment.”

This definition provides a valuable foundation, emphasising 
a system’s ability to infer from input data and generate 
meaningful outputs. However, for non-technical audiences, it 
can feel abstract and difficult to interpret without additional 
context. 

The challenge in understanding AI is further compounded by 
the existing literature on AI in SLT, which often does not define 
AI or describes it in a fragmented or overly restrictive manner. 
For instance, Fang et al. ( 2023 ) conducted a systematic review of 
AI in story writing without clarifying what they defined as AI. 
Other papers allude to “technological developments” without 
sufficient explanation of the nature of these developments, or 
focus on one or two clinical applications only (e.g., Cordella et al. 
2024 ). 

Beyond definitions, numerous classification systems have 
emerged over time, reflecting different perspectives and 
priorities across disciplines. In 2020, the EU reviewed 35
existing AI frameworks and found that most were either
technically inaccurate (e.g., misclassifying AI capabilities) or 
incomplete, often focusing solely on underlying AI techniques 
and overlooking the functions AI is designed to perform
(European Institute of Innovation and Technology 2020 ). In
response, the EU developed its own AI taxonomy, which is
widely accepted within the AI research community, alongside 
frameworks such as the Association for the Advancement 
of Artificial Intelligence (AAAI)-20 keyword classification 
( Association for the Advancement of Artificial Intelligence 
n.d .). These taxonomies (discussed in the following section)
play important roles in structuring research and guiding policy.
However, they cater to policymakers and technical experts, 
posing interpretation challenges for clinicians. 

A recent survey by Aggarwal et al. ( 2025 ) found that only a
small proportion of SLTs and audiologists were aware of the
clinical applications of AI, highlighting the need for greater
awareness and training. Cordella et al. ( 2024 ) made an important
contribution with their tutorial on Machine Learning (ML)
and its applications in the diagnosis and recovery prediction of
adults with aphasia. However, the tutorial does not address the
broader scope of AI or its potential application with paediatric
populations or intervention. 

To the best of our knowledge, no publication has yet aimed
to provide a broad, accessible overview of AI tailored to SLTs
and to contextualise its application across paediatric speech 
and language therapy. This tutorial aims to fill this gap by: (i)
highlighting emerging gold standards within the AI community 
as reference points; (ii) translating key concepts for SLTs and,
where necessary, reframing them in a more intuitive manner;
(iii) exploring existing and potential clinical applications of AI in
paediatric populations and (iv) addressing key limitations, ethical 
concerns and regulatory issues. 

Box 1. A Note on Terminology and Technical Detail 

Throughout this tutorial, technical precision is balanced with 
accessibility. The goal is to provide an entry point to AI for 
SLTs, rather than an exhaustive technical overview. To maintain 
readability, additional technical details and/or nuanced discus- 
sion have been moved to supplementary materials. Readers 
wishing to explore the more technical or theoretical aspects of 
AI are encouraged to consult the list of suggested reading and 
resources in Supplementary Material 1 , as well as the broader 
AI literature. 
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∙ This tutorial lays the groundwork for informed engagement w
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2 Translating Formal Definitions to Practical 
Understanding 

AI is not a new concept. The term was introduced by John 
McCarthy at the seminal AI conference held at Dartmouth 
College in 1956 (Mitchell 2020 ). It was at this event that McCarthy 
and other key pioneering researchers formally established AI as 
a distinct field of research, laying the foundation for decades 
of technological advancement (Thompson 2025 ), but without 
consensus on a definition. 

As previously discussed, the EU AI Act introduced a formal 
definition that is increasingly recognised as a gold-standard 
within the AI research community. However, while technically 
robust, this definition may feel abstract for clinicians unfamiliar 
with AI terminology. We propose a clinician-focussed explanation 
of AI that unpacks the key components of the EU’s definition, 
rephrases them in more accessible terms and adds a clear clinical 
perspective. 

2.1 A Clinician-Focussed Explanation of AI 

AI encompasses a set of evolving technologies ( AI techniques ) 
that are used to build systems designed to simulate human-like 
abilities ( AI capabilities ). AI systems take in information (e.g., test 
scores, speech and language samples), process it and produce an 
output. This output might be a prediction (e.g., how likely a child 
is to make progress with a therapy approach), a recommendation 
(e.g., which activities might be most helpful), new content (e.g., 
personalised therapy materials), or a decision (e.g., whether to 
adjust the difficulty of a task). In speech and language therapy, 
such outputs can be translated into clinical applications spanning 
the full scope of practice, from administrative tasks, to assess- 
ment, diagnosis, therapy planning and therapy implementation. 

There are three broad types of AI systems: (i) fixed rule-based 
systems that follow human-set instructions and behave in the 
same way in every scenario; (ii) more flexible data-driven systems 
(i.e., ML systems) that learn patterns from data and, over time, 
may adapt to new situations and (iii) hybrid systems that use 
a combination of both. AI systems also differ in (i) the level of 
independence once deployed, with some always requiring human 
input and others making adjustments independently and (ii) the 
capacity to generate new content. In SLT, AI can be integrated 
into digital tools (e.g., therapy apps that adjust task difficulty in 
real time) or physical tools (e.g., robots that interact with children 
during therapy sessions). 

In essence, AI is not a single, uniform technology. It exists 
along a spectrum of AI techniques, from traditional, rule-based 
methods to advanced, data-driven approaches. Many AI systems 
combine elements from across this spectrum to deliver the 
AI capabilities required for a specific clinical application. The 
concepts introduced in this tutorial are explored in greater detail 
throughout the paper. Of note, these concepts are not fixed 
or mutually exclusive. For instance, clinical applications often 
draw on multiple overlapping capabilities, each of which may be 
supported by different AI techniques; a dynamic explored in more 
detail later. 

3 Interpreting AI Taxonomies From a Clinician 

Lens 

The EU AI taxonomy (European Institute of Innovation and 
Technology 2020 ) supports researchers and policy makers by 
categorising AI across five key dimensions: (i) industries —
where AI is applied; (ii) enterprise functions —the role of AI 
in different departments within a business, such as marketing 
and sales; (iii) locations ; (iv) AI capabilities —what AI can do; 
and (v) enabling technology types —technologies that AI depends 
on, such as data storage. While this structure offers insight 
into AI capabilities, it does not clarify the clinical relevance 
of these capabilities or explain the techniques that underpin 
AI. 

The AAAI-20 Keyword classification system (AAAI, n.d.) also 
provides a valuable structure for AI researchers by organis- 
ing AI topics under 20 keywords (e.g., ML, Natural Language 
Processing), each with its own list of subtopics. However, it 
assumes familiarity with AI terminology, presenting subtopics 
in alphabetical order without a clear organisational structure 
(e.g., subheadings that distinguish between the methods used 
to train ML systems from the tasks they perform). This lack 
of structure limits the classification’s value for non-technical 
audiences. 

3.1 A Clinician-Oriented Classification Structure 

To build a bridge between the expert AI and SLT communities, 
we present a practical classification structure informed by estab- 
lished AI taxonomies. This structure reorganises AI concepts into 
two core levels and introduces a third level specific to clinical 
practice: 

∙ Level 1: AI techniques ( how AI works) 

∙ Level 2: AI capabilities ( what AI can do) 
∙ Level 3: Clinical applications (how AI can be used in clinical 
practice). 

We use human and clinical analogies to explain AI concepts in 
Levels 1 and 2. In Level 3, we discuss existing and potential clinical 
applications of AI to illustrate how AI has been, or could be, 
integrated into SLT practice. Of note, these levels reflect a logical 
dependency, where AI techniques power AI capabilities, which in 
turn enable clinical applications. This relationship is illustrated 
in Section 7 using a production line model to demonstrate 
how these components can interact within an AI-driven clinical 
tool. 

4 Level 1: AI Techniques (how AI works) 

AI techniques refer to the core technologies that underpin AI 
systems. A widely accepted distinction in the AI literature (e.g., 
Russell and Norvig 2021 ) divides AI techniques into two core 
categories: (i) symbolic AI (rule-based AI) and (ii) subsymbolic AI 
(data-driven AI). For clarity, we refer to symbolic AI as traditional 
AI and subsymbolic AI as ML throughout this paper. 
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FIGURE 1 Simplified overview of ML, highlighting the relationship between ML paradigms , foundational ML tasks , ML techniques and types of 
training data . 

4.1 Traditional AI (Symbolic AI): The Rule 
Follower 

Traditional AI is “The rule-follower”: it does exactly what it is 
programmed to do (Bernard, 2021 ). These systems rely on clear, 
pre-defined instructions such as “If X happens, do Y” (Wooldridge 
2020 ) (e.g., a therapy app that follows the rule “If the child selects 
the wrong answer, prompt them to try again”). This approach 
mirrors explicit grammar teaching, where an SLT explains a rule 
(e.g., “If something already happened, add -ed”) and the child 
applies it (Finestack 2018 ). 

Traditional AI is effective for predictable, easy to define tasks. 
However, it cannot adapt or generalise beyond its programmed 
rules, making it less useful in ambiguous or unpredictable 
contexts such as natural communication (Russell and Norvig 
2021 ; Mitchell 2020 ). This is where ML offers a powerful 
alternative. 

4.2 ML (Subsymbolic AI): The Learner 

The key premise of ML is simple: when a concept is too complex 
to define, teach it by showing (Kubat 2021 ). For instance, while 
trying to explain what a person’s voice sounds like would be 
challenging, playing a few audio recordings would be much 
more effective. This makes ML “The Learner”: it analyses large 

volumes of data, identifies patterns and applies that knowledge 
to new, unseen data (Russell and Norvig 2021 ). This mirrors 
implicit grammar intervention, where children are exposed to 
grammatical structures in conversation and language-based tasks 
and gradually internalise and generalise them without direct 
instruction (Finestack 2018 ). 

The AI community recognises numerous subfields and technical 
distinctions within ML. However, this level of detail is beyond the 
scope of this paper. Instead, we build on “The Learner” concept 
and explain ML through three practical elements: (i) the core 
tasks it performs (i.e., foundational ML tasks that form the basis 
of broader AI capabilities); (ii) the ways it is trained to perform 

those tasks (i.e., ML paradigms ) and (iii) the AI techniques that 
enable the learning (i.e., the ML techniques ) (see Figure 1 ). For a 
more detailed technical overview of ML terminology tailored to 
SLTs, see Cordella et al. ( 2024 ). 

4.2.1 Foundational ML Tasks 

Russell and Norvig ( 2021 ) outline common types of tasks (also 
referred to as learning problems ) that ML systems are designed 
to perform. These tasks (illustrated with SLT-related examples 
in Figure 2 ) include: (i) classifying data (i.e., classification ); (ii) 
predicting outcomes (i.e., regression ); (iii) grouping data (i.e., clus- 
tering ); (iv) simplifying data (i.e., dimensionality reduction ) and 
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FIGURE 2 Applied mapping of ML paradigms to the foundational ML tasks they can perform, with examples of clinical applications . It builds on 
Figure 1 by offering more detail to reinforce understanding and clinical relevance. 

(v) choosing the best action (i.e., optimal decision-making ).1 These 
foundational tasks underpin all observable AI behaviours in real- 
world applications (i.e., AI capabilities such as computer vision), 
either individually or in combination, depending on what the AI 
system is designed to do. 

4.2.2 ML Paradigms: How ML Systems Are Trained 

Before an ML system can be used in practice, it must undergo 
a training phase in which it is provided with a large dataset 
(referred to as training data ) from which it learns to complete 
a specific ML task. The quality, quantity and diversity of this 
data significantly impact how well the system performs and how 

effectively it generalises to new, unseen data (Kubat 2021 ); a point 
we return to in Section 8. 

There are three main ways to train machines: supervised learning , 
unsupervised learning and reinforcement learning . These are 
referred to in the literature as forms of learning (e.g., Russell 
and Norvig 2021 ), or learning paradigms (e.g., Bernard ( 2021 ). 
Albeit not a universally agreed term, we adopt the latter for 
its intuitive framing of how ML systems learn from data. The 
choice of learning paradigm depends on the task to be performed 
(Bernard 2021 ). Figure 2 illustrates common mappings between 
these ML paradigms and ML tasks. 

Supervised learning (learning from examples) : Here, the 
machine learns to classify data from examples, where both the 
input data (i.e., the data fed into the machine), and the correct 
output for each input (i.e., the expected answer) are provided. 
This is referred to as labelled data (Russell and Norvig 2021 ). This 
would be like a child learning vocabulary by looking at multiple 
images of cats and dogs, each clearly labelled (e.g., “These are 
cats. These are dogs”). Over time, the child would learn to 
recognise the distinguishing features (e.g., cats have whiskers) 
and begin to generalise this knowledge to identify new, unlabelled 
cats and dogs. 

Unsupervised learning (learning without examples) : In 
unsupervised learning, the machine is provided with input data, 
but no examples of expected answers to guide its learning 
(referred to as unlabelled data ) (Russell and Norvig 2021 ). The 
machine independently identifies patterns in the data, potentially 
uncovering unexpected relationships or groupings (Kubat 2021 ). 
This would be like giving a child a mixed set of pictures of cats 
and dogs, without labels, and asking them to sort the images in 
a way that makes sense to them. A child might group animals by 
size, by colour or by other unanticipated features. 

Reinforcement learning (learning from trial and error) : 
Reinforcement learning is used in dynamic or interactive scenar- 
ios where the goal is to discover the most effective strategy for 
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TABLE 1 Key differences between classical ML and deep learning, with relevance to SLT practice. 

Distinguishing category Classical ML Deep (machine) learning 

Complexity of algorithms Simple algorithms : Statistical models 
or shallow artificial neural networks 
(see Supplementary Material 2 for an 

explanation of artificial neural 
networks). 

Complex algorithms : Large and 
multilayered (deep) artificial neural 

networks. 

Data feature extraction Manual : System relies on humans to 
define relevant data features. 

Automatic : System independently 
identifies relevant data features. 

Suitable data type Structured : e.g., numerical test scores, 
demographic data (e.g., age, sex). 

Unstructured : e.g., voice recordings 
and visual data such as observations of 

non-verbal communication. 
Generative capabilities No : Analyses data only. Yes : Can analyse data and create new 

content (e.g., text). 
Example of clinical application Analysis of numerical test scores 

such as standardised assessment scores. 
Transcription of ecologically valid 
data such as speech and language 

samples. 

achieving a desired outcome. The machine performs an action, 
receives feedback in the form of rewards (positive reinforcement) 
or penalties (negative reinforcement), and gradually identifies 
which actions lead to better results (Russell and Norvig 2021 ). This 
mirrors how a child learns to use fluent speech in the Lidcombe 
Program; receiving positive verbal contingencies for stutter-free 
speech and corrective contingencies for moments of stuttering 
(Onslow et al. 2017 ). With repeated feedback, the child learns 
which speaking behaviours increase fluency. 

4.2.3 ML Techniques 

Once a ML paradigm is selected, the final step is to choose the 
specific ML technique to power the AI system. Broadly speaking, 
ML techniques fall into two main categories based on complexity: 
classical ML and deep learning . Established taxonomies (e.g., 
AAAI-20) refer to classical ML simply as ML, only explicitly 
labelling deep learning. However, to people new to AI, this may 
suggest that deep learning exists outside of ML. Therefore, to 
avoid potential confusion for the lay reader, we adopt the terms 
classical ML and deep learning , also found in some literature 
(e.g., Bernard 2021 ; IBM 2021 ). The type of training data available 
may influence the choice of ML technique (and vice versa). 

Classical ML consists of relatively simple algorithms and relies 
on human experts to specify which elements of the data (i.e., 
features) the system should use to perform a task (i.e., manual 
feature extraction ) (Dargan et al. 2020 ). These techniques are 
well suited to structured data that is easy to define and organise 
(e.g., numerical or categorical data such as standardised scores 
and demographic information). Hence, classical ML is a suitable 
choice for a tool designed to predict language disorders based on 
age and test scores. 

Deep learning, in contrast, uses more complex algorithms that 
learn from large sets of data with limited human input, auto- 
matically identifying relevant features (i.e., automatic feature 
extraction ) (Mitchell 2020 ). This makes deep learning ideal for 
handling unstructured, high-dimensional data that is “messy”

and difficult to quantify (e.g., speech recordings, language sam- 
ples, or informal clinical observations). For instance, a system 

built to transcribe or analyse speech must interpret prosody, 
intelligibility, articulation and other nuanced features that are 
difficult for a human programmer to define, but can be learned 
directly from raw audio using deep learning (see Supplementary 
Material 2 for a more detailed overview of classical ML and deep 
learning). 

Accordingly, deep learning is particularly valuable in SLT, 
where much of the clinically meaningful data, such as natural 
speech and language samples, is complex, multi-dimensional and 
unstructured. Another distinctive feature of deep learning is its 
ability to create entirely new content (i.e., Generative AI ), such as 
personalised therapy materials. See table 1 for a summary of the 
key distinctions between classical ML and deep learning. 

4.2.4 Interpretability: How ML Systems Explain Their 
Decisions 

A key limitation of ML is the difficulty in understanding exactly 
how the ML system generates its outputs; referred to as the 
black box problem . This lack of interpretability (i.e., the ability 
to inspect how the system works) and/or explainability (i.e., the 
ability to understand why a specific decision was made) (Russell 
and Norvig 2021 ) poses a major barrier in clinical contexts, where 
in line with the Health and Care Professions Council ( 2024 ), 
decisions must be transparent, defensible and accountable. 

This challenge is pronounced in deep learning models, whose 
multiple layers of mathematical computations and automatic 
feature extraction make their decision process difficult to inter- 
pret (Champendal et al., 2023 ). Interpretability and explainability 
tends to be less of an issue in classical ML, particularly when 
the system is trained using supervised learning and structured 
data. In these cases, the model’s decision-making process is 
often based on relatively simple and traceable logic (Murdoch 
et al. 2019 ). To address the black box problem, researchers are 
developing: 
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TABLE 2 Alignment between EU AI taxonomy of capabilities and reframed categories for speech and language therapy. 

i. Hybrid systems that combine the strengths of deep learning 
with the transparency of more interpretable systems (for a 
review of their use in clinical decision systems, see Kierner 
et al. 2023 ). 

ii. Explainable AI (XAI) techniques that aim to make the 
decision-making process of ML systems more interpretable 
(see Dwivedi et al. 2023 ). At present, this remains an evolving 
field, particularly in relation to deep learning (Hosain et al. 
2024 ). 

5 Level 2: AI Capabilities (What AI Can Do) 

Next, we turn to AI capabilities, that is, what AI can do. As 
previously noted, these observable AI behaviours are grounded 
in the foundational ML tasks discussed in section 4.2.1. Consider 
ChatGPT, for instance, that appears to engage in a genuine 
conversation with its users. Its “conversational ability” results 
from training the AI system to predict the next word in a 
sequence of words, based on patterns learned from vast datasets of 
labelled examples. In other words, ChatGPT’s apparent human- 
like communication is simply a machine executing a prediction 
task (i.e., regression) using supervised learning (Briganti 2024 ).2 
This point warrants an important clarification: despite the 
term “intelligence,” AI systems do not possess intelligence in 
the human sense. They cannot think, understand, or reason. 
Instead, they mimic aspects of intelligence through mathematical 
computations (Mueller et al. 2025 ). 

The EU AI taxonomy classifies AI capabilities into three 
overarching categories: (i) interaction intelligence (i.e., com- 
puter vision, computer audition and computer linguistics); (ii) 
analytic intelligence (i.e., forecasting, discovery and planning 
and search) and (iii) motion and creative intelligence (i.e., 
robotics and control and creativity). In this paper, we retain 
the underlying EU concepts but reframe them using terminol- 
ogy and examples that are more intuitive for SLTs, enabling 
clearer links between AI capabilities and clinical applications 
(see Table 2 ): 

i. Clinical reasoning : Reasoning, problem-solving, planning 
and making predictions and decisions (e.g., supporting 
therapy planning, or suggesting diagnoses). 

ii. Perception and communication : Interpreting visual, audi- 
tory, or other sensory input (e.g., perceiving images, ges- 
tures, tone or facial expressions), and engaging in natural 
language tasks (e.g., producing, interpreting or transcribing 
natural speech and language). 

iii. Movement : Physically interacting with the environment, 
including navigating space, manipulating objects, or using 
gestures to communicate. While this may overlap with non- 
verbal aspects of perception and communication, we present 
it as a separate domain to reflect the broader and growing 
role of robotics in SLT and educational contexts (e.g., social 
robots or robotic tutors). 

iv. Creativity : Creating content (e.g., making personalised 
therapeutic resources). 

Each domain is further specified in Table 3 into defined clinical 
abilities that we have directly mapped to corresponding AI 
terminology, associated functions, and SLT applications. 

Most AI capabilities can, in principle, be supported by any of 
the three core AI techniques (traditional AI, classical ML, or 
deep learning), individually or in combination. In practice, 
however, newer AI techniques generally achieve greater 
effectiveness, particularly for capabilities involving perception 
and communication. For example, while computer vision was 
once driven by traditional AI and classical ML, its performance 
has advanced dramatically with the introduction of deep learning 
(Russell and Norvig 2021 ). 

6 Level 3: Clinical Applications 

Finally, we move to the third level, clinical applications, 
which we categorise into key areas of SLT practice, namely (i) 
assessment; (ii) diagnosis ; (iii) therapy planning ; (iv) therapy 
implementation and (v) administrative duties . For each area, we 
present a combination of tested, proposed and/or conceptual 
applications. The limitations of these clinical applications are 
addressed in Section 8. Of note, where we use the term “could ”, 
we are referring to conceptual applications suggested by the 
authors, that are considered technically feasible. Our aim is 
not to systematically or critically appraise existing research, but 
rather to highlight key insights from the literature and propose 
possible directions for SLT innovation. 
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6.1 Assessment 

AI-powered assessment tools offer scalable, efficient and acces- 
sible solutions that facilitate large-scale screening, remote eval- 
uations and automated data analysis. While clinician exper- 
tise remains invaluable, these technologies can reduce clini- 
cian workload and make ecologically valid assessments more 
feasible. 

One particularly promising application is automated assessment, 
where AI-powered tools could support large-scale screening of 
communication difficulties. In Ireland and the UK, national 
health services offer free hearing and vision screenings for chil- 
dren in their first year of formal education, conducted by school 
nurses, to detect impairments that can have lasting consequences 
if untreated. Despite DLD affecting approximately 8% of children 
(i.e., two children per classroom of 30) and having significant 
long-term impacts (Norbury et al., 2016 ), there is no equivalent 
national screening programme for language difficulties. Scaling 
language assessment is arguably more challenging than vision 
and hearing screenings due to the specialist skills required. 
However, AI-powered, gamified apps may help bridge this gap 
by enabling teachers or nurses to conduct large-scale screenings 
with minimal training. These tools could assess communication 
skills, flag risk factors and promote child engagement through 
interactive tasks. 

Technology-assisted large-scale screening has already shown 
promise, particularly for receptive language, where children can 
show understanding through simple, structured responses (e.g., 
pointing to an image or animation). For instance, Frizelle et al. 
( 2023 ) demonstrated that children as young as five could indepen- 
dently complete the Test of Complex Syntax–Electronic (TECS-E) 
(powered by traditional AI), with results comparable to clinician- 
supported administration. The tool was later norm-referenced for 
classroom use, with up to 25 children completing it simultane- 
ously using tablets and headphones (Frizelle et al. 2025 ). 

Assessing expressive language, on the other hand, requires more 
advanced methods. Speech recognition can serve as a founda- 
tional step by converting children’s spoken language into text. In 
fact, emerging evidence suggests that speech recognition (refer 
to Table 3 for a reminder of AI capabilities) can produce more 
accurate transcriptions than clinician-produced transcriptions 
and is less affected by speech rate (Fox et al. 2021 ). Transcriptions 
can be subsequently analysed using Natural Language Process- 
ing (NLP), which has shown potential in evaluating syntax, 
vocabulary, discourse structure and linguistic complexity (Al-Ali 
et al. 2024 ). Of note, recent studies indicate that NLP systems 
powered by deep learning can automate the scoring of narrative 
macrostructure (Jones et al. 2019 ) and sentence formulation tasks 
(Wang et al. 2020 ). Ongoing research is also exploring the use 
of ML-driven NLP for early childhood language screening (e.g., 
Zhang et al. 2020 ). 

AI could also support more ecologically valid assessment prac- 
tices such as Language Sample Analysis (LSA), which can be 
underused due to time demands, scoring variability and clinician 
training requirements (Lammert et al. 2024 ). ML-powered tran- 
scription and analysis could make LSA more viable in routine 
practice, particularly for less experienced clinicians. 

Future AI implementation efforts could involve web-based 
platforms, provided by national health services, that leverage 
ML-driven speech recognition, NLP and data mining to support 
early identification of communication difficulties. In this case, 
caregivers could upload audio or video samples collected via 
smartphones or AI-powered monitoring devices such as the 
Language Environment Analysis (LENA) system (see Gilkerson 
and Richards 2020 )3 . 

Beyond linguistic analysis, integrating computer vision and affec- 
tive computing capabilities (underpinned by deep learning), into 
gamified screening apps, for example, could offer a more holistic 
view of a child’s communication profile, capturing non-verbal 
aspects such as facial expressions, gestures and tone of voice. 
At present, computer vision is being explored in instrumental 
assessments, including automated imaging for videofluoroscopy 
(Girardi et al. 2023 ) and velopharyngeal competence analysis 
(Cornefjord et al. 2024 ). 

6.2 Diagnosis 

Once assessment data is collected, whether remotely or in- 
person, it can be processed by ML systems that leverage data 
mining capabilities to support diagnostic decisions. The choice 
of ML paradigm (i.e., supervised vs. unsupervised learning) is 
particularly relevant here, as it shapes the level of diagnostic 
detail achieved. Supervised learning can be used to train ML 
systems to classify children as having, or not having, a speech 
and language disorder (e.g., Justice et al. 2019 ; Lammert et al. 
2024 ). Unsupervised learning, in contrast, can be employed 
to uncover hidden patterns in the assessment data, clustering 
children into diagnostic subgroups with shared characteristics 
(e.g., Stevens et al. 2019 ). The latter approach enables a more 
nuanced understanding of disorder profiles, which could guide 
more client-specific interventions. 

6.3 Therapy Planning 

Assessment and diagnostic data could inform AI-driven therapy 
planning, with forecasting and planning capabilities playing 
a key role. Traditional AI systems (e.g., the SPELTA system 

that recommends therapy exercises based on predefined rules; 
Robles-Bykbaev et al. 2016 ) have demonstrated how rule-based 
models can generate consistent and transparent therapy recom- 
mendations. However, ML systems offer greater potential for 
personalisation and adaptability. 

ML-driven forecasting could support clinical decision-making 
by estimating recovery trajectories (e.g., Cordella et al. 2024 ), 
supporting decisions such as waitlist prioritisation. ML-powered 
planning and routing could propose therapy goals tailored 
to a child’s individual needs (ranging from broad, long-term 

objectives to specific session targets). 

Additional ML-driven capabilities, such as NLP and data mining, 
could further refine dynamic and personalised therapy planning 
by analysing therapy session data, tracking progress and identify- 
ing subtle patterns in a child’s response to intervention. Beyond 
analysis, Generative AI could contribute directly to content 
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TABLE 3 Human capabilities mapped onto AI terminology. 

Domain of 
human ability 

Clinical 
ability Corresponding AI terminology 

Examples of specific 
functions 

Examples of clinical 
applications 

Perception & 

communication 

Interpret 
visual 

information 

Computer vision : AI that 
perceives and interprets visual 

information 

- Image classification 

- Object detection 

- Visual tracking 

- Semantic segmentation (i.e., 
understanding the relation- 
ship between two objects 
(Chai et al. 2021 ) 

- Image restoration 

- Facial recognition 

- Assistive technology for 
the visually impaired 

Perceive and 
respond to 
emotional 

cues 

Affective computing : AI that 
detects and reacts to human 

emotions 

- Emotion recognition 

- Sentiment analysis 

- Therapy bots 

- Emotion-aware bots 

Transcribe 
speech 

Speech recognition : AI that 
converts speech to text 

- Transcription 

- Voice command recognition 

- Transcription services 

- Voice assistants (e.g., Siri) 

Use speech Speech synthesis : AI that 
artificially produces human-like 

speech 

- Conversion of text to speech - AI-generated voices for 
AAC devices or virtual 
therapy assistants 

Interpret 
and use 
language 

Natural language processing 
(NLP) : AI that interprets, 

understands and communicates 
using human language 

- Language modelling 

- Question answering 

- Text summarisation 

- Text generation 

- Information retrieval 

- Language analysis (e.g., 
lexical, semantic, syntactic 
and/or pragmatic analysis) 

- Chatbots/Agents/Virtual 
therapy assistants 

- Lexical, semantic, syntac- 
tic and/or pragmatic anal- 
ysis of language samples 

Motion Move and 
use gestures 

Robotics : AI that physically moves 
and interacts with the surrounding 

physical environment 

- Non-verbal communication 
(i.e., gestures, sign language) 

- Object manipulation 

- Physical interaction with 
surrounding environment 

- Use of robots for sign lan- 
guage or social interaction 
with Autistic children 

Clinical 
reasoning 

Foresee Forecasting : AI that predicts past, 
present or future outcomes based 

on past data 

- Predicting future outcomes - Prediction of therapy 
progress 

Investigate Data mining/discovery : AI that 
analyses large datasets and 
uncovers patterns in data 

- Clustering 

- Anomaly detection 

- Uncovering patterns in 
assessment data 

- Diagnosis 

- Identification of diagnos- 
tic subgroups 

- Automated analysis of 
assessment data 

Make 
informed 
decisions 

Planning, routing & scheduling : 
AI that supports decision making 
by suggesting a series of actions 
( planning ), finding the most 
efficient path ( routing ), and/or 

coordinating resources ( scheduling ) 

- Decision optimisation 

- Planning/recommendations 

- Game playing 

- Personalised therapy 
plans based on 
assessment data 

- Interactive therapy apps 
or virtual assistants that 
adapt to the child’s level 

(Continues) 
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TABLE 3 (Continued) 

Domain of 
human ability 

Clinical 
ability Corresponding AI terminology 

Examples of specific 
functions 

Examples of clinical 
applications 

Creativity Innovate Generative AI : AI that generates 
entirely new content such as text, 

images, video, and audio 

- Generate new content - Therapeutic resources 
generated by AI-powered 
tools such as ChatGPT 
(for text generation), 
DALL ⋅E (for image 
generation), and/or 
Jukebox (for music 
generation) 

- Clinical documentation 
drafted using AI-powered 
tools such as Heidi. 

creation, such as formulating personalised therapy goals in real- 
time. Rakap and Balikci ( 2024 ) explored this in the context of IEP 
goal development for pre-schoolers with autism and found that 
ChatGPT significantly improved the quality of goals written by 
special education teachers. 

6.4 Therapy Implementation 

ML-supported speech and language therapy could help therapists 
to generate tailored communications, therapy ideas and materi- 
als, adapt interventions in real time and extend support beyond 
the clinic through remote and adaptable AI-powered tools. 

6.4.1 Therapy Individualisation and Improved 
Efficiency 

Generative AI could assist SLTs in efficiently personalising 
therapy sessions by brainstorming innovative therapeutic tasks 
that are tailored to the client’s interests and needs (see example 
from an educational context in Fan et al. ( 2024 )). It could also 
generate customised materials on demand, reducing preparation 
time and helping to maximise within-session dosage. The latter 
is an important factor in intervention efficiency, particularly 
in the face of growing SLT waiting lists. In May 2024, over 
75,000 children in England were waiting for speech and language 
therapy, representing an unprecedented high (Kirby 2024 ). 

Dosage control could be achieved through careful prompt 
engineering,4 whereby therapists could create AI-generated 
resources by specifying a child’s interests, age, ability level and 
therapy targets, as well as the required number of repetitions of 
each target. For instance, a dinosaur enthusiast might receive a 
personalised storybook featuring themselves and their friends, 
embedding phonological, syntactic, or narrative targets at a 
controlled frequency that supports optimal exposure. This 
aligns with Frizelle et al. ( 2021 ), who highlight the importance 
of sessions rich in “active ingredients” (e.g., varied visual 
representations and linguistic input, repeated exposure to 
therapy targets, etc.) to improve therapy efficiency. 

Generative AI tools could also support real-time therapy, enabling 
interactive and immersive experiences. For example, a child 

practising specific speech or language targets at sentence level 
could use image generation tools (e.g., DALL-E) to illustrate 
their sentence, reinforcing the connection between language 
and meaning. For narrative macrostructure targets, AI video 
generators (e.g., Synthesia or HeyGen) could bring a child’s 
spoken or written story to life. ML-driven speech synthesis tools 
could offer another layer of engagement, converting the child’s 
written text into audio with varied voices, making practice more 
playful and motivating. 

6.4.2 AI as a Therapeutic Tool 

SLTs could help young people with DLD build the skills to 
use Generative AI systems, like LLMs, as a practical, long-term 

support tool for navigating both academic and everyday language 
demands. 

For example, ChatGPT could serve as a personalised learning 
assistant, simplifying complex texts, rephrasing difficult con- 
cepts, or generating accessible summaries. With SLT guidance, 
a child or teenager could learn to ask targeted questions to 
clarify vocabulary, extract key ideas from reading assignments, or 
organise their written work more effectively. 

Generative AI could also promote independence in communica- 
tion. Young people could use ChatGPT to draft text messages, 
organise thoughts, or prepare for social interactions through sim- 
ulated conversations. Speech recognition capabilities may further 
support those with written language difficulties, allowing them 

to dictate ideas that ChatGPT can convert into well-structured 
text. 

6.4.3 Accessible, Adaptable and Remote Support 

AI systems, such as therapeutic apps powered by deep learn- 
ing, offer promising ways to extend therapy outside the clinic. 
These tools should never replace therapists, but they could 
offer a practical bridge in care, ensuring that children receive 
meaningful therapeutic support when direct SLT intervention is 
unavailable. Traditionally, during therapy gaps (whether between 
sessions, across therapy blocks, or while awaiting services) 
parents/caregivers and educators rely on home programs with 
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activity suggestions. However, adapting these tasks to a child’s 
level can be difficult. Even with in-clinic demonstrations of how 

to adjust tasks, generalising this knowledge without specialist 
training is often challenging. 

ML-driven therapy apps with chatbot functionality, especially 
those integrating speech recognition, NLP, speech synthesis, 
planning and Generative AI, could help address this gap. These 
tools could adjust task difficulty in real time and provide 
immediate feedback based on the child’s performance. With 
additional capabilities such as computer vision and affective 
computing, such systems could interpret emotional cues and 
offer encouragement when frustration is detected, simplify tasks 
when needed, or increase complexity when a child is ready for 
more. 

To date, research has largely focussed on robots designed to sup- 
port social communication in autistic children (e.g., Marino et al. 
2020 ; Doğan and Çolak 2024 ; Fachantidis et al. 2020 ). However, 
most rely on traditional AI, limiting adaptability, and their high 
cost restricts use in home settings. Therapy apps may offer a 
more scalable and cost-effective alternative. While robots benefit 
from multimodal interaction (e.g., gestures, eye-gaze tracking, 
etc.) to create natural and immersive experiences, therapy apps 
could simulate similar effects through animated avatars, emoji- 
based feedback, highlighted text, speech synthesis and interactive 
animations. These features may enhance engagement, reinforce 
learning and offer responsive support. 

Belpaeme et al. ( 2018 ) outline key principles for designing social 
robots as second-language tutors, many of which can inform 

the design of SLT therapy apps/chatbots. These include: (i) 
presenting the AI tool as a peer-like companion rather than 
an instructor, to boost child engagement and (ii) incorporating 
personalisation and emotionally responsive interaction. 

6.4.4 Personalised and Multilingual Communication 

Generative AI could enhance communication with parents and 
caregivers by adapting information to different literacy levels and 
language backgrounds. Many parents struggle with dense written 
reports, making it difficult to fully understand their child’s needs 
and progress. Generative AI could improve information accessi- 
bility by: (i) simplifying complex information into parent-friendly 
summaries using plain-language, images or videos; (ii) integrat- 
ing visuals into appointment notifications to reduce reliance on 
text and (iii) generating short, narrated videos to ensure that 
key information remains accessible to parents with low literacy 
or visual impairments. For instance, tools such as Nuance’s 
DAX Copilot, used in healthcare to generate multilingual patient 
instructions, could be adapted for SLT. 

6.5 Administrative Duties 

AI-powered tools have the potential to streamline administrative 
tasks allowing clinicians to dedicate more time to direct client 
care (Farmer et al. 2025 ). Some of these tools have already 
demonstrated success in healthcare, suggesting their potential for 
SLT. 

6.5.1 Automated Documentation and Report 
Generation 

Deep learning-driven speech recognition (to transcribe voice 
notes) and NLP capabilities could assist SLTs in generating 
written progress reports, summarising therapy sessions, and 
drafting therapy notes. In healthcare, AI tools such as Microsoft’s 
Dragon Copilot and Heidi are already automating clinical 
documentation. 

6.5.2 Caseload Management 

Tools like Ambient AI Scribes, have been implemented in 
healthcare, to automate appointment management and reduce 
administrative burdens. Similar AI systems could be introduced 
to SLT settings to manage scheduling, automate reminders and 
streamline follow-up communications, helping to reduce missed 
appointments and improve service coordination. ML-powered 
virtual assistants/chatbots could handle routine inquiries from 

parents, such as explaining appointment details or providing 
general therapy-related information. This technology is already 
well established. For example, Salesforce’s “Agentforce” platform 

is used by organisations like Heathrow Airport to automate and 
personalise customer support. 

7 Connecting the Three Levels: A Practical 
Illustration 

To consolidate the concepts discussed throughout this paper, we 
present a conceptual production line model that illustrates the 
relationships among the three levels of our AI classification. The 
model presents the three levels in reverse order to reflect the real- 
life process of designing AI tools for clinical use, starting with 
identifying a clinical need and working backwards to determine 
appropriate AI techniques. It also highlights the flexible and 
dynamic interplay between levels, where a single clinical appli- 
cation may require multiple AI capabilities, and each capability 
may be supported by different AI techniques (see core structure 
of the model in figure 3 ). 

In Figure 4 , we introduce two additional layers to support 
practical application of the model: (i) tool objective—to clarify 
the clinical function of the AI tool (e.g., generate therapeutic 
materials) and (ii) specific requirements —to detail the step-by- 
step tasks the system must perform so that each one can be clearly 
mapped to the relevant AI Capabilities. 

Figure 5 applies the extended model to a hypothetical AI tool 
designed to identify children with DLD from spoken language 
samples. The example shows how hybrid systems can combine 
different AI techniques depending on the clinical priority (e.g., 
speed versus transparent decision-making). The tool performs 
three main tasks: (i) transcription; (ii) linguistic analysis and (iii) 
classification of the analysed sample (as indicative of DLD or not). 
Deep learning is suitable for the first two tasks, where the priority 
is efficient and accurate processing of complex, unstructured and 
high-dimensional data. For the final classification step, however, 
classical ML may be preferable. It offers greater transparency 
and interpretability, allowing specific linguistic markers (e.g., 
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FIGURE 3 Core structure of the clinician-oriented classification model, outlining the three interrelated levels. 

number and type of syntactic errors) to be directly linked to 
diagnostic outcomes, enabling SLTs to understand and justify 
the system’s diagnostic decision. 

8 Practical, Ethical and Regulatory 
Considerations 

SLTs should view AI-driven applications as supports for clin- 
ical judgment; not substitutes. Their integration into clin- 
ical practice, particularly those based on ML, raises prac- 
tical, regulatory and ethical questions that require careful 
consideration. 

Can I trust the system’s response? As noted earlier, it can 
be difficult to interpret how a ML-driven system produces its 
output. The level of interpretability should align with the tool’s 
purpose. For high-impact applications (e.g., diagnosis or therapy 
planning), SLTs should prioritise interpretable approaches, such 
as traditional AI, classical ML algorithms trained with supervised 
learning, or hybrid systems that balance performance and trans- 
parency. For lower-impact applications (e.g., generating therapy 
materials), clinicians may accept the use of less interpretable 
systems, provided clinical judgment is retained. 

Special caution is required when using Generative AI tools like 
ChatGPT to source information or support clinical decisions. 
These tools do not “understand”; they predict the next likely 
word and may produce convincing but inaccurate responses (i.e., 
hallucinations). SLTs must cross-check outputs against trusted 
sources and apply professional judgment. 

Was the right data used to train the system? SLTs must 
critically assess whether the data used to train the system 

reflects both the client population and the clinical context . The 
former is a particular challenge for a relatively small field like 
SLT. Most available speech datasets reflect adult populations, 
overlooking the variability of paediatric speech (Gohider and 
Basir 2024 ), which limits the development of child-specific tools 
(Usha and Alex 2023 ). With regard to clinical context, existing 
evidence shows that AI systems can reproduce and amplify biases 
present in their training data, including negative stereotypes 
related to race and ethnicity (e.g., Ayoub et al. 2024 ). Specific 
to SLT, Lewis et al. ( 2025 ) identified cultural, disability and 
linguistic biases in AI-generated materials (e.g., defaulting to 
White-presenting characters, portraying disability negatively and 
privileging English). The authors caution that such biases risk 
perpetuating inequities in SLT, particularly for culturally and 
linguistically diverse children with disabilities, and highlight 
the importance of improving AI literacy among clinicians and 
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FIGURE 4 A step-by-step guide to the extended production line model, detailing how to move from tool objective to the selection of AI techniques . 

FIGURE 5 Application of the production line model to a hypothetical AI tool. The tool’s objective is to identify DLD from spoken language samples. 
Within clinical applications , the focus is on assessment and diagnosis. Specific requirements include transcribing and analysing the sample, followed by 
classifying the analysed sample. These tasks map to AI capabilities such as speech recognition, NLP and clinical reasoning. Appropriate AI techniques 
are then selected: deep learning would support efficient transcription and analysis, while classical ML could support more transparent, interpretable 
classification. 
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using structured protocols to evaluate AI-generated materials for 
bias. 

With regard to clinical context, ML systems often underperform 

when used outside the context they were trained on. For instance, 
Tobin et al. ( 2024 ) found that speech recognition models trained 
on read speech were less accurate when applied to conver- 
sational speech in children with speech disorders. However, 
accuracy improved when the models were trained directly on 
conversational data. 

Is there evidence to support the use of this tool? Few AI 
tools for SLT have undergone rigorous testing. A recent review by 
Deka et al. ( 2025 ) on the use of AI in speech interventions found 
limited evidence comparing AI-driven intervention to traditional 
interventions. Clinical uptake of AI should remain cautious until 
stronger evidence emerges. 

How can I ensure ethical use of AI? Jobin et al. ( 2019 ) identify 
core principles for ethical AI, including: (i) transparency and 
informed consent —clients must understand and consent to the 
use of AI; (ii) privacy and data protection —systems must safe- 
guard sensitive data and comply with GDPR; (iii) beneficence —AI 
must enhance care quality; (iv) responsibility —clinicians remain 
accountable for all decisions and (v) justice —systems must avoid 
perpetuating bias and support equitable access, especially in light 
of risks of digital exclusion. The environmental cost of training 
and deploying large-scale AI models must also be considered. 
LLMs, in particular, require substantial computational resources 
and energy consumption, raising concerns about sustainability 
and responsible use (Ji and Jiang 2025 ). Recent work on green AI 
explores potential mitigation strategies, including (i) the design 
of more energy-efficient AI systems (i.e., green-in AI ) and (ii) the 
use of AI to support environmentally sustainable practices (i.e., 
green-by AI ) (Bolón-Canedo et al. 2024 ). 

What are the regulatory requirements? Healthcare and edu- 
cation applications of AI are classified as high-risk by the EU 

AI Act and must comply with strict standards of data quality, 
fairness, transparency and accountability (see Supplementary 
Material 3 for further information on the EU’s classification of 
AI systems). This aligns with the broader aim of promoting trust- 
worthy AI (i.e., AI that is lawful, ethical and robust) (High-Level 
Expert Group on Artificial Intelligence 2019 ). 

9 A Final Thought: AI or IA? 

Fears that “AI will replace humans” are widespread; however, 
many experts promote a vision of human-machine collaboration 
rather than replacement (e.g., Dégallier-Rochat et al. 2022 ). Inter- 
estingly, Doug Engelbart proposed renaming AI as Intelligence 
Augmentation (IA) to better reflect this goal (Russell and Norvig 
2021 ). The former CEO of IBM, Ginni Rometty, echoes this 
viewpoint, noting that: “These are technologies to augment human 
intelligence. In fact, I don’t like the word AI. . . because AI says 
replacement of people. . . and that is not what we’re talking about. 
By and large we see a world where this is a partnership between 
man and machine. . . It’s a tool that helps, and it makes you 
as a professional do a better job.” (Rometty 2017 , 09:05). This 
perspective is crucial for clinicians: AI can streamline practice, 

but decisions remain in the hands of SLTs to ensure service 
delivery is ethical, evidence-based, clinically appropriate and 
emotionally responsive. 

10 Conclusion 

As AI becomes more embedded in paediatric speech and lan- 
guage therapy, SLTs need a clear understanding of what it is, what 
it can do and how it can support practice. This tutorial addresses 
this need by translating key AI concepts into accessible, clinically 
relevant knowledge for SLTs and organising them across three 
core levels: AI techniques (how AI works), AI capabilities (what 
AI does) and clinical applications. 

Our focus has been on paediatrics; however, many of the AI 
techniques and principles discussed are also applicable to adult 
contexts. For instance, (i) ML paradigms such as unsupervised 
learning could be used to identify subgroups associated with 
different types of dementia; (ii) Generative AI could be used to 
create communication supports for adults with aphasia and (iii) 
ML-driven therapy apps could support intervention for adults 
with acquired language disorders. 

AI’s potential for enhancing clinical efficiency, personalisation 
and access to care must be balanced with careful consideration of 
challenges around interpretability, ethics, regulation and clinical 
rigour. Ultimately, AI is a tool to enhance clinical practice; it’s safe 
and effective use will always depend on the expertise, judgement 
and oversight of clinicians. 

Advancing the role of AI in speech and language therapy, 
particularly ML, depends on the availability of large, diverse 
and high-quality datasets that reflect real clinical contexts. SLTs, 
researchers and AI developers must collaborate to build these 
datasets and co-design tools that are ethical and clinically 
meaningful. 
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Endnotes 
1 Optimal decision-making is not a term explicitly adopted by Russell and 
Norvig ( 2021 ). However, it aligns with their description of decision- 
making under uncertainty and provides an intuitive label for SLTs. 

2 This example is simplified for clarity. Large Language Models can be 
trained using multiple AI paradigms and tasks . 
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3 LENA has known limitations, such as difficulty distinguishing speech- 
related from non-speech related vocalisations (Cristia et al. 2021 ), but it 
demonstrates the potential of AI-enabled home monitoring systems. 

4 Prompt engineering is the process of carefully composing the instruc- 
tions (referred to as prompts) provided to a Generative AI system to 
elicit the best possible response. Clear, well-crafted prompts help the 
system better interpret the intended query, improving the accuracy and 
usefulness of its response (Meskó 2023 ). 
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