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Abstract

Speech Language Pathology (SLP) is a therapy discipline offered by KidsAbility, a
pediatric rehabilitation clinic in Southern Ontario. Documentation is a key part of SLP
and other therapy practice guidelines and can take up significant portions of a therapist’s
time. Al-based clinical documentation aids have been developed to help reduce this burden,
and one such tool - MutuoHealth’s AutoScribe - has been piloted by KidsAbility. Though
this AI tool has been beneficial to some therapy disciplines, the SLP clinicians face unique
challenges when using these tools. The model seemed unable to recognize speech therapy
strategies or to parse the play-based script of pediatric appointments. This thesis seeks
to explore the issues SLPs encounter with AI documentation tools and propose potential
approaches to mitigate these issues.

The Al documentation process was divided into the transcription pipeline, where an
audio file input produced a corresponding transcript output, and the generation pipeline,
where an input transcript produced a draft SOAP note. The SLPs who had participated
in the AutoScribe pilot test were interviewed about their experiences with the tool and
its integration into their workflows. The issues reported by the therapists were sorted
into those more closely related to the transcript and those more closely related to the
drafted SOAP note. A set of sample SLP appointments from KidsAbility were gathered
from an extended AutoScribe pilot, with 10 selected as examples of appointment data
(audio, transcripts, drafted and final SOAP notes) to test the transcription and generation
pipelines. An augmented automatic speech recognition (ASR) pipeline based on a Whisper
model was used to test improvements to the transcript. However, the generated transcripts
were not significantly improved from the pilot test. Instead, ground truth transcriptions
were manually created from the audio files to use for testing the generation pipeline. For
SOAP note generation, the addition of discipline-specific context tailored to appointment
type was tested. This context was curated in collaboration with SLPs from KidsAbility
to include SOAP templates, definitions of key concepts, and information about speech
data. A Llama 3.3 70B model was used for SOAP note generation with ground truth
transcriptions and SLP specific RAG-adjacent information as context. The input context
was optimized over several iterations based on clinicians’ evaluations of generated SOAP
note quality.

KidsAbility’s SLPs had flagged sessions targeting speech practice as having particular
difficulties with AutoScribe. The model seemed unable to make inferences about the
child’s speech quality from the transcript alone. Methods of quantitatively assessing speech
based on session audio were explored as ways to provide additional context on speech
quality to the SOAP generation model. A sample appointment was selected for testing,
and child speech samples of the targeted sound were sliced from the audio and assigned
quality categories. These samples were then compared against correct productions using
the cosine distance between their mel-spectrograms. The samples were also passed through
a phoneme-based ASR model to get the layer activations. The cosine distances and layer
outputs were then tested as predictive measures of articulation accuracy, with layer outputs
yielding the best results. The resulting speech accuracy scores were then passed into the
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generation model as additional context, with the output containing correct statements
about the nature of the child’s articulations.

Though clinicians’ availability limited the extensiveness of generated SOAP note evalua-
tions, the SOAP notes generated with SLP-specific context showed improvement compared
to the basic model generation. The model also tended to repeat information from previous
SOAP notes if examples were provided. It was found that quantitative speech analysis
does seem possible using phoneme model layer activations and cosine distances between
the mel-spectrograms of correct articulations. Based on these findings, further optimiza-
tions to the generation pipeline and work on making effective Al tools for KidsAbility’s
EY SLPs will continue.
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Chapter 1

Introduction

1.1 Motivation

KidsAbility is a pediatric rehabilitation centre in southern Ontario that offers therapy
services to children and youth with disabilities and developmental delays. Though Speech-
Language and Audiology Canada’s maximum benchmark wait time for speech sound dis-
orders is eight months (for low risk school age children), the wait for speech therapy across
Ontario can be more than three years [10]. Increasing treatment capacity may be essential
for reducing these delays. Clinical documentation is a necessary but time-consuming and
cognitively demanding task for clinicians of many disciplines, including those focused on
pediatric rehabilitation. SLP stress is contributed to by both documentation demands and
workload [37]. A type of documentation used frequently by SLPs is a progress note in
SOAP format, written after each appointment and stored to track a client’s treatment pro-
cess. However, KidsAbility conducted an internal study into clinical documentation and
found that therapists can spend 20 minutes on these documents, adding up to significant
non-treatment time over the course of a working day. Reducing the time that clinicians
spend on documentation may indirectly improve these wait times as clinician time is freed
for treatment and help reduce stress levels as documentation becomes less of a burden.
In response to this challenge, KidsAbility approached the University of Waterloo research
team to explore the use of artificial intelligence (AI) to assist with documentation for their
clinicians.

Initially, KidsAbility expressed interest in developing a dedicated in-house model for
automatically generating draft clinical notes from session audio recordings. In parallel, the
organization had begun pilot testing MutuoHealth’s AutoScribe, a commercially available
AT documentation tool [11]. While AutoScribe demonstrated some success with occu-
pational therapy (OT) and physiotherapy (PT) sessions, it performed poorly in speech-
language pathology (SLP) contexts. This discrepancy is likely due to inherent differences
between SLP sessions and traditional medical appointments, with speech therapy sessions
often being more interactive in nature. Speech practice in particular may be difficult to
both pick up correctly from an audio recording and to parse in a transcript.



Despite these limitations, the potential of Al to reduce documentation burdens remains
promising. Successes in other healthcare disciplines indicate that Al-assisted documen-
tation can significantly improve workflow efficiency and reduce clinician burnout. The
challenge lies in adapting these technologies to fit the specific demands of pediatric SLP.

1.2 Objectives

The primary objective of this project was to develop a proof-of-concept Al system capable
of supporting SLP documentation workflows at KidsAbility by addressing the limitations
identified in existing tools. Therefore the first goal was to explore the underlying reasons
why general-purpose Al tools fall short in SLP settings. As the ultimate aim was to improve
the quality of draft documentation, based on these findings, the project would demonstrate
practical strategies for tailoring Al solutions to SLP discipline-specific clinical contexts.

With this objective, open-source LLMs would be used for generation to showcase how
improvements to drafted SOAP notes could be achieved.

1.3 Contributions

This project resulted in a proposed multi-component Al pipeline tailored to pediatric SLP.
It sought to address the key issues identified based on consultations with KidsAbility’s
SLPs who had participated in the AutoScribe pilot study. The following components were
integrated:

e Language Model Pipeline: A large language model (Llama 3.3 70B) was adapted
using a retrieval-augmented generation (RAG)-adjacent approach, enabling it to rea-
son about discipline-specific content within the context of each session. This design
improves draft note relevance and structure compared to generic Al summarization
tools.

e Transcription Model Ensemble: A customized transcription system was developed,
combining a state-of-the-art (SOTA) automatic speech recognition (ASR) model with
phoneme-level alignment and speaker diarization. This configuration ensures more
accurate and complete transcription of multi-speaker pediatric sessions that is infor-
mative for sorting information into SOAP note categories.

e Phoneme-Level Analysis: A quantitative speech analysis module was introduced to
evaluate the accuracy of a child’s target phoneme productions within therapy sessions.
This output is used to guide SOAP note generation, offering richer insight into speech
practice while preserving the clinical interpretability of the final documentation.



Chapter 2

Background

KidsAbility is a pediatric rehabilitation centre in southern Ontario with a head office
in Waterloo. They offer various therapy services for children, including speech language
pathology. Previously, KidsAbility’s innovation team (referred to as the Rocket Team)
had approached the Medical Al lab about a partnership with the goal of using Al tools to
reduce time spent by therapists on documentation tasks. This led to a project to develop a
custom language model for aiding occupational therapists in writing documentation based
on scratch notes taken during appointments. Since then, KidsAbility has also piloted a
commercial Al tool called AutoScribe that converts from audio of patient visits to clinical
documentation. However, this tool performed poorly for speech language pathologists
(SLPs). This project seeks to understand the limitations faced by speech therapists when
using Al tools and develop a proof of concept pipeline to address these issues.

Interviews were conducted with SLPs who had participated in the AutoScribe pilot to
shed light on the difficulties they faced with this type of tool. They were able to view both
the transcription and SOAP note AutoScribe generated from their appointments. The
feedback received was sorted into issues relating to the transcription and issues with the
generated SOAP note, splitting the pipeline into two main segments, audio-to-transcription
and transcription-to-documentation.

2.1 SLP Therapy and Documentation

Pediatric speech-language pathology is a specialized area of healthcare that focuses on
assessing, diagnosing, and treating communication and feeding disorders in children, from
infancy through adolescence. Speech-language pathologists (SLPs) work with children who
have difficulties with speech sounds, language development, social communication, voice,
fluency (such as stuttering), and oral-motor or swallowing skills. The goal is to support a
child’s ability to communicate effectively and participate fully in daily activities, learning,
and social interactions. Pediatric SLPs often collaborate with families, educators, and
other professionals to create individualized and developmentally appropriate intervention
plans.



KidsAbility’s Early Years (EY) Program focuses on children younger than school age
[32]. After an initial assessment, a therapy plan will be put in place tailored to the child’s
specific communication needs [18]. In the EY SLP program, parents are considered therapy
partners, and appointments typically fall into one of two streams: block or coach therapy.
In block therapy, therapy is provided in clustered sessions, focusing on the speech or
language areas that the child has difficulty with. The goals are child specific and typically
provided directly from the therapist. The child is the recipient of the goals and the target
of the therapy. Coaching is a caregiver-focused approach where therapists guide adults
in supporting a child’s speech and language development in daily life. The parents are
the recipients of a session’s goals, with the therapists teaching parents and coaching them
through the strategies for helping the child with their specific speech or language difficulties.
The child then receives intervention through the parents.

Within these two streams, the subcategories of the visit are determined by what the
child’s goals are. Examples of focus areas are phonology, motor speech, fluency, language,
social communication, alternative and augmented communication (AAC), gestalt language
processing, AVT, and feeding. The appointment stream and area will determine the overall
structure of the visit and what therapy strategies may be used. Specific strategies and
programs have been copyrighted by several organizations. However, these typically follow
evidence-based approaches, and there has been significant public research conducted in this
field. SLPs at KidsAbility reference different programs, such as those offered by Hanen
[57], Lidcombe [36] and Palin [13].

Based on the appointment area, the information a therapist would expect to learn
from a child’s vocalizations and behaviours will also vary. For example, an appointment
targeting social communication may have the therapist pay more attention to how the
child interacts with others (e.g. turn-taking) than to their articulation of words, while
a motor speech appointment may focus on how the child coordinates speech movements.
Children may also have issues that overlap multiple focus areas, such as language and social
communication, or speech clarity, which combines articulation (a sub-category of motor
speech) and phonology.

For each appointment, an SLP clinician is expected to submit documentation on the
patient’s progress to KidsAbility’s electronic health record (EHR) system. These progress
notes are often written in a structure called SOAP, where S stands for Subjective, O for
Objective, A for Assessment (or Analysis), and P for Plan [19]. This format groups specific
types of information under each category. The Subjective section includes updates from or
concerns raised by the caregiver or teacher. The Objective section documents observable
data from the session, including the goals worked on, therapy activities, clinical interven-
tions, or observations, from the session. In Assessment, clinical impressions (i.e. response
to treatment, progress made, clinical analysis of ongoing need) are reported. The Plan
contains the plan to progress towards goals, activities the therapist might consider for the
next session, or other supports/referrals. This may also include a summary of the visit
and next steps (including any appointments scheduled) [33]. To help standardize docu-
mentation, most SLPs follow the guideline of documenting by exception, where unchanged
information from previous appointments is not reiterated in a new SOAP note unless it
impacts the current session.



KidsAbility’s internal review revealed that therapists can spend as much time with
clients as on documentation. Finding ways to reduce the burden of documentation can
allow for more time to be spent on treatment and help prevent clinician burnout.

2.2 Al in Medical Documentation

2.2.1 Natural Language Processing

Natural language processing (NLP) involves computer processing of human language. Sim-
ilar to how language competency in humans can be assessed by ability to 1) understand
verbal or written language and 2) generate verbal or written language, so too can NLP
be divided into a computer’s ability to understand language inputs (Natural language un-
derstanding (NLU)) and produce language outputs (Natural language generation (NLG)).
NLU uses language inputs to accomplish tasks, with applications such as comprehending
user queries in virtual assistants and determining article relevance in search engines [34].
NLG will output language based on input data and is suited to applications such as content
creation [11]. There are also many areas where these overlap, such as in chatbots that must
both understand and respond to user queries.

Current NLP practice usually involves machine learning models to perform a variety
of tasks, from speech recognition to text generation. In order for these models to work
with language data, inputs usually undergo tokenization, a process wherein they are bro-
ken down into tokens corresponding to a vector ingestible by the model, performed by a
tokenizer. The range of tokens known to the tokenizer is the tokenizer’s vocabulary. Most
commonly, these tokens represent words, word fragments, or structural information such
as punctuation.

2.2.2 Transformers

Transformers are a type of machine learning model that excel at sequence related tasks and
have demonstrated competence in modelling long-range dependencies. The transformer
architecture solved several issues found in the previous architectures most commonly used
for language modelling tasks, namely convolutional neural networks (CNNs) and recurrent
neural networks (RNNs). Though CNNs have excelled at the computer vision tasks for
which they were invented, in order to properly capture longer-range dependencies they often
require increasingly deep stacks of layers, and so their computational burden can increase
quickly [25]. Larger receptive fields for CNNs typically require either very large kernels
or many stacked layers to directly connect tokens. While RNNs can theoretically store
information indefinitely in hidden states, in practice, information from distant tokens is
often lost over time [1]. While the gating introduced by LSTMs may help prevent vanishing
gradients, long sequences can still cause gradients to explode, limiting the effective context
length [22]. RNNs are also impacted by distance between tokens, tending to place greater
weight on closer tokens, which can be problematic for tasks that require recalling farther



away context [20]. They are also unable to process tokens in parallel, which slows down
both training and inference, especially for longer sequences. Unlike CNNs and RNNs,
transformers are able to capture long-range dependencies in text data and can process
entire sequences at a time, rather than by individual tokens, directly modeling relationships
between tokens through a self-attention mechanism.

This self-attention mechanism is one of the main advances of the transformer archi-
tecture. Self-attention allows the transformer to consider the importance of tokens in a
sequence relative to one another, creating a representation that takes into account the
relationships between tokens [59]. This is done by computing a query, key, and value
vector from each input token embedding. To calculate the attention score between two
embeddings, the dot product of the query vector of one embedding with the key vector of
another is divided by the square root of the dimension of the key vector. After applying
a softmax function to this output, each score represents the attention weight for a pair of
token embeddings. These attention scores are then used to find the weighted average of
the value vectors of the other embeddings in the sequence to get the final output for that
token.

Self-attention is an efficient operation, with multiple attention heads able to be pro-
cessed simultaneously, allowing for faster computation. This multi-headed attention allows
for more complex representations to be learned, as each attention head can learn different
patterns in the data. The results can then be concatenated and then combined by pass-
ing them through a linear layer to bring them to the correct model dimension for further
processing.

Self-attention does not include positional information, and so positional encodings are
typically incorporated into the embeddings to account for token order. This is done by
adding a position embedding to the token embedding. There are a variety of types of
position encodings, with sinusoidal position encodings (where sine or cosine functions with
different frequencies form the dimensions of the encoding) being frequently used [59]. These
embeddings can also be either learned or static.

Transformer models can include both encoders and decoders [59]. The encoder trans-
forms inputs into their context-rich embedding representations. Its processing then cap-
tures relationships between input tokens. The decoder takes the encoder outputs and
generates a target sequence, where one new token is generated at a time. It uses both
self-attention (to consider previous generations) and cross-attention (to refer back to the
encoder’s representations). In full sequence-to-sequence tasks (like translation), both are
used together. Model architectures for classification or question-answering are often en-
coder only, while for generative tasks (e.g. NLG) they are decoder-only. In models like
BERT, only the encoder is used, while in GPT-style models trained through Causal Lan-
guage Modelling (CLM), only the decoder is used [12][51].

Transformers scale well and are often used to form foundation models (large models pre-
trained on vast quantities of data [5]), such as large language models (LLMs). This term
is applied to models that have hundreds of millions or billions of parameters. With this

increase in scale, LLMs have also demonstrated improvement in performance, achieving
SOTA across a variety of NLP tasks. All SOTA LLMs have a transformer-based backbone.



Continuous improvement of models to better align them to specific downstream tasks has
also been implemented in many cases, such as through reinforcement learning from human

feedback (RLHF) [18].

2.2.3 State-of-the-Art

OpenATl’s proprietary GPT models and Meta’s open source LLaMA models are SOTA
for LLMs. The most recent GPT models released are under GPT-4, larger and more
advanced than its predecessors, though its number of parameters is unknown. GPT-4.1
is the latest smaller release, boasting a context window of 1 million tokens and improved
understanding for long context [17]. It also significantly outperforms the recent GPT-40
on Scale’s MultiChallenge benchmark, which measures ability to follow instruction. The
collection of GPT models fine-tuned for chatting using methods such as RLHF have been
called ChatGPT. While GPT-4 remains a SOTA benchmark in LLMs and the ChatGPT
release has had significant societal impact, their proprietary nature poses challenges for
applications involving sensitive or health-related data, where open systems are preferred.
In contrast, Meta’s LLaMA (Large Language Model Meta Al) series offers a family of
open-source models with varying sizes and capabilities, providing flexibility for researchers
with different computational resources and privacy requirements.

The original LLaMA 3 release in April of 2024 included 8B and 70B parameter models,
with the smaller 8B version achieving performance comparable to ChatGPT 3.5 Turbo, a
notable milestone for open-weight models. This was a marked improvement from LLaMA
2, with a more efficient encoder and training set that was seven times larger and underwent
filtering for quality [10]. Since then there have been several minor releases. LLaMA 3.1
expanded the architecture by introducing longer context windows and support for tool
usage, with the addition of a 405B parameter model at the high end with a context window
of up to 128K. LLaMA 3.2 followed with specialized models for edge computing (1B and
3B) and vision (11B and 90B), the latter built upon the 8B and 70B LLaMA 3.1 backbones.
The latest version, LLaMA 3.3, currently includes only a 70B model, which outperforms
many larger models (including the 405B version of LLaMA 3.1) on instruction-following
benchmarks like MATH and GPQA [11]. It also holds the highest IFEval score among these
open-weight models, which is a benchmark specifically designed to evaluate instruction-
following quality.

Each LLaMA model benefits from a comprehensive training pipeline that is split into
two stages: pre-training and post-training. This includes pre-training on large-scale datasets
and post-training with fine-tuning for domain or task specificity. The post-training method
was simplified and based on supervised fine-tuning, rejection sampling, and direct prefer-
ence optimization [19]. These steps enable strong performance while allowing researchers
to customize or extend the models for applications requiring transparency or adaptability.

In addition to architectural and training considerations, model deployment performance
can be significantly influenced by quantization techniques, which reduce model size and
memory footprint to enable efficient inference. Two leading approaches in 4-bit quanti-
zation are Gaussian Post-Training Quantization (GPTQ) and bitsandbytes (bnb) normal-
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float 4-bit (NF4). While both aim to make large models like LLaMA 70B more feasible to
deploy, their methodologies and resulting performance differ.

GPTQ is a Hessian-aware quantization method that compresses model weights by min-
imizing reconstruction error on a calibration dataset [17]. This approach often yields
outputs that closely resemble those from full-precision (FP16) models, particularly at 4-
bit precision, where many other quantization methods experience noticeable performance
degradation. GPTQ operates in a post-training, offline stage, using calibration data to
optimize quantization parameters such as outlier handling, per-channel granularity, and
precision allocation. This enables more stable and accurate inference, especially for large
models deployed in memory-constrained environments.

In comparison, bitsandbytes’ NF4 format offers broader compatibility for both training
and inference (unlike GPTQ, which is inference-only). NF4 is designed to balance inference
quality with training support, making it particularly useful in fine-tuning workflows (e.g.
QLoRA) [1'1]. However, for pure inference tasks, it may introduce slightly more variability
in zero-shot output quality, though the difference is often minimal and task-dependent.

For finer control, AutoRound builds upon standard GPTQ by introducing an additional
optimization step that refines rounding decisions through gradient-based search. This tech-
nique has been shown to improve benchmark scores such as MMLU and GSM8K (complex
reasoning tasks), particularly at 4-bit precision [9]. While the gains are modest, they
are most noticeable in tasks requiring long context handling or resilience to quantization-
induced degradation, potentially reducing hallucinations in these settings.

Overall, for projects prioritizing inference accuracy under compute or memory con-
straints, such as in clinical or healthcare settings, GPTQ (and particularly AutoRound)
can provide a measurable improvement in efficiency while retaining output quality without
the storage and compute requirements of full-precision models.

2.2.4 Application of NLP in Healthcare

LLMs have shown promise across a wide range of healthcare applications, including medical
writing, clinical decision support, diagnostics, and education. Their ability to process and
summarize large volumes of information makes them valuable tools for both clinician and
patient education. LLMs have also demonstrated potential in accelerating medical research,
such as in drug development. In addition, they are increasingly used to support patient
engagement through chatbots or virtual assistants and in patient communications [39].

Al has increasingly been used to help aid clinicians in medical documentation tasks.
LLMs are particularly suited to this role, having been trained to deal with language data.
A previous University of Waterloo project with KidsAbility focused on developing a custom
model for drafting OT SOAP notes based on scratch notes taken by a therapist during
an appointment. The model, fine-tuned on historical examples of KidsAbility OT SOAP
notes, demonstrated an increase in SOAP note quality [13].

Existing Al scribes and dictation tools have already been used in various health settings,
with the majority aimed at primary care physicians for patient visits. These systems



typically take as input an audio recording of a physician consultation and output a draft
of clinical documentation. MutuoHealth’s AutoScribe is one such commercial tool [11].

Applications of LLMs in healthcare come with significant privacy and ethical con-
siderations, particularly when handling personal health information (PHI). The use of
proprietary or closed-source models often requires submitting sensitive clinical data to
third-party servers, raising concerns around data security, regulatory compliance, and pa-
tient confidentiality. Open-source models offer a more controlled alternative, enabling local
deployment and reducing risk of PHI exposure. Beyond privacy, documentation tasks such
as drafting clinical notes introduce domain-specific risks, including hallucination of inac-
curate details or omission of critical information, which are issues that can compromise
care and accountability [27]. There is also the risk of models returning complete training
examples, underscoring the need for thorough de-identification if models are fine-tuned on
patient data [55]. Conventional LLM evaluation metrics, such as ROUGE or BLEU, may
inadequately reflect the quality of structured documentation like SOAP notes [03]. Previ-
ous studies done in collaboration with KidsAbility have developed task-specific rubrics to
help address this, designed to assess occupational therapy notes with attention to clarity,
completeness, and clinical relevance [13].

2.2.5 Model Inference

Inference is the process of providing an input to a model to get its predicted output. In
the context of LLMs, this typically involves giving a prompt to the model to receive its
generated text response. This is not deterministic, both at the hardware level from complex
computations as well as from the model’s random sampling of words at each step based on
their probability distribution rather than choosing only the most likely. The generation can
be affected both by what is included in the input prompt as well as the model configuration
and settings used for the generation.

These settings or hyperparameters can help shape the model’s output in response to
an input. Hyperparameters often require tuning for a given task because they influence
both the coherence and flexibility of the model’s responses. When set appropriately, they
can improve the output and reduce unwanted behaviours, but when pushed too far, they
may distort or suppress useful outputs. For example, applying a repetition penalty can
reduce loops where the model restates the same phrase, but if the penalty is too strong, it
may also prevent the model from repeating important information (e.g. ”take one tablet
daily”) where repetition is contextually appropriate. For generative models, one of the main
parameters is temperature, which controls the randomness of a generation. A temperature
of 1.0 is considered a benchmark for average randomness and is typically the default setting.
Lower temperature values result in responses that are more deterministic, which is suitable
for outputs required to be more factual, while higher temperatures allow for more varied
and creative outputs. This is because lowering the temperature shifts the distribution of
the tokens’ probability to be more narrow and so only tokens with high probabilities are
selected. Raising the temperature broadens the distribution so that less likely tokens have
an increased chance of being selected [17].



The model will select its output tokens for each time step based on a sampling method.
Greedy sampling is a method where the highest probability token is always selected, re-
sulting in often overly rigid results with low diversity. Beam search is a method that will
sample at each step and retain the top specified number of candidate sequences rather than
single tokens, allowing for a larger pool of potential outputs. It will then update these se-
quences by generating possible next tokens for the next step, pruning all but the new best
sequences, This process will continue until the task is complete. Top-p (or nucleus) is a
sampling method that computes the cumulative probability distribution of the most likely
tokens in descending order. Once this distribution exceeds the top-value, the rest of the
tokens will be cut off. For example, a top-p of 0.9 means that only the tokens comprising
the top 10% probability nucleus are considered. Top-p has had excellent practical results.
Some models also make use of a repetition penalty that discourages repeated tokens or
token sequences in the generated text. There are a few methods of applying this penalty,
with the most common applying a penalty based on either the presence or the frequency
of a token or sequences that are already part of the output sequence.

Prompting plays a central role in LLMs by guiding the model’s behavior and shaping
its output based on how the input is framed. It acts as an interface between the user and
the model, making it a powerful tool for adapting LLMs to a wide variety of tasks. Since
LLMs are trained to predict the next token given a context, the way a task is phrased can
significantly influence performance.

Prompts can include instructions, questions, or examples that define the task, enabling
model adaptation without additional training. Zero-shot, one-shot, and few-shot prompt-
ing are powerful techniques for leveraging LLMs without needing task-specific fine-tuning.
These techniques are especially valuable because they let users adapt language models to
new tasks flexibly and efficiently, often with surprisingly strong performance, even in out
of distribution domains that the model was not explicitly trained in. In zero-shot prompt-
ing, the model is given a task with only instructions and no example. This is useful for
generalization when no example data is available of paired inputs and outputs. One-shot
prompting provides a single example alongside the instructions, helping the model under-
stand the format or intent more clearly. Few-shot prompting is a technique used with
LLMs that involves providing a small number of task examples within the prompt to guide
model behavior, inferring patterns or rules. LLMs have demonstrated an ability to repli-
cate the formatting and style of provided few-shot examples, making this a particularly
advantageous method when there is insufficient data or computational resources to per-
form full fine-tuning [¢]. By including one or more complete examples of the desired task
in the prompt, the model can better understand the expected input to output structure.
Performance typically improves with the number of examples provided [55]; however, the
method is constrained by the model’s context length, which limits how much information
can be included . Additionally, few-shot prompting can lead to overfitting to the specific
examples shown, reducing generalizability if the examples are not carefully selected. This
makes the quality of the few-shot examples of great importance, as poor examples can
introduce biases and lead to decreased performance for summarization-type tasks [10].

In addition to user prompts, many LLMs also support system prompts. Role tokens and
ordering are used to differentiate the system prompt from the user prompt, as the model
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is trained with these tokens to distinguish between prompt sections and prioritize system
prompts. System prompts are usually hidden from end users and are provided to the model
before user prompts. They set persistent context that will condition all responses such as
establishing high-level behaviour or constraints like tone, role, or style. As system prompts
provide global guidance to the model across an entire conversation or session, this makes
them especially useful in multi-turn dialogue or applications with specific goals (e.g. being
a helpful assistant or staying within domain boundaries). Together, prompting and system
prompts form the primary interface for controlling LLM output.

Meta’s prompting guide provides tips for writing prompts for the Llama models, as
most models have specific formatting that they have been trained on and that should be
followed for optimal results [12]. Even with these guidelines, adjusting a prompt to best
fit a task can still take testing to find optimal wording and configurations.

Prompting is important to facilitate effective communication with an LLM. Prompt
patterns have been compared to software patterns, allowing for reusable ways of conversing
with models for different types of tasks. [01] demonstrates how these patterns can be
applied to a variety of problems with the potential to cross domains. It is important for
each prompt to identify the task for a model. Example prompt patterns are to ascribe a
role to the LLM that it will respond as, or to provide a template that can then be filled in
by the LLM.

Text generation inferences (T'GIs) can help streamline the inference process for trained
LLMs. They often offer support for libraries and packages designed to improve inference
speed and efficiency, such as FlashAttention and quantization. A user can provide an
input prompt in text format that is then tokenized and sent to the model to predict
the output token sequence. The generation will then be converted to text and returned
to the user. One example of a TGI is available for HuggingFace through the Python
Transformers library [23]. This TGI also allows the user to adjust several parameters
controlling the generation (such as temperature, sampling methods, and the maximum
number of generated tokens) through an API rather than needing to reload models.

2.2.6 Retrieval Augmented Generation

Retrieval augmented generation (RAG) is a strategy involving two components, a retriever
model and a generative model, with the term first introduced in [35]. During inference
time, the retriever can search a database of domain-relevant information for data related
to the current input. It then provides these additional resources to the generative model to
help inform its response. As an external database is being used, this database can be kept
updated with no need of model fine-tuning and can supplement a lack of domain-specific
knowledge in a foundational model.

The retriever can significantly affect RAG performance, as it governs how information
relevance is determined. The two main types of retriever models are sparse and dense
retrievers. With sparse retrievers, text is represented as high dimensional vectors where the
dimensions correspond to words in the model’s vocabulary. Only dimensions corresponding
to words present in the input have nonzero values. These nonzero values are usually
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based on word frequency statistics, such as term frequency—inverse document frequency
(TF-IDF). Sparse retrievers are typically faster and better at capturing direct similarity
measures between queries and related terms, as they use token-level representations of input
[53]. However, they are less effective at understanding semantic relevance and longer or
more conversational queries. Query expansion can be used to help assuage these limitations
by incorporating synonyms in queries. These terms are often added using LLMs or domain-
specific knowledge sources. Dense retrievers use machine learning (usually neural networks)
to convert queries and resources into vector embeddings. The similarities of these resource
embeddings to the query embeddings are then computed, such as with cosine similarity,
to find the most relevant resources. Due to this embedding matching, dense retrievers are
often better at capturing similarities in semantics between queries and documents, even for
more conversational queries [30]. Common dense retrievers are based on BERT [52]models
due to their high quality embeddings, such as SBERT and ColBERT [31]. Hybrid retrievers
have also been developed that seek to combine sparse and dense retrievers to maximize
the quality of the retrieved documents. For more specialized tasks, such as those that are
domain-specific like healthcare specialties, training a retriever may be appropriate.

One paper aimed to address the current gap in best practices for selecting optimal
RAG configurations across different medical use cases [(2]. Despite the growing popularity
of RAG systems in clinical and biomedical applications, there remains little consensus on
how best to implement and tailor these models to specific medical tasks. The study offers
a comprehensive benchmarking framework that evaluates various retrievers and configu-
rations, ultimately providing practical insights for medical Al developers and researchers.
Among the evaluated systems, MedCPT, a contrastively pre-trained transformer model
for biomedical information retrieval, emerged as the most reliable retriever, delivering con-
sistently strong performance across tasks [241]. Traditional methods such as BM25 also
demonstrated robust results and, when fused with neural retrievers, can further enhance
retrieval quality [02]. These findings suggest that hybrid retrieval strategies may be well-
suited for clinical domains where both accuracy and interpretability are critical.

While some forms of RAG involve fine-tuning to directly integrate the retriever with
the generative model, prompt-based RAG avoids this. Though fine-tuning may improve
alignment between retriever and generator, it can be costly to fine-tune or retrain to
accommodate new data or a different retriever. Prompt-based RAG is another method
for enhancing LLMs with contextual information through prompt engineering, requiring
minimal integration as there is no fine-tuning involved. This approach retrieves relevant
text segments and inserts them directly into the prompt, often using structured formats
such as: Given the following context: [context]. Write a progress note: [progress note].
This method combines the strengths of a retrieval system with the generative capabilities
of an LLM. Because it does not require fine-tuning, it avoids risks related to memorizing
sensitive data, making it a safer option in regulated domains like healthcare. It has also
outperformed existing dense retriever models in quality of retrieved content [28]. However,
its performance is constrained by the context window length and the quality of the prompt
design, which can affect how well the model utilizes the retrieved context.
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2.3 AutoScribe Pilot

KidsAbility entered into a pilot test of MutuoHealth’s AutoScribe tool, an Al scribe for
clinical documentation, with representation from each of their therapy disciplines. When
using the tool, the audio from a client session is recorded and a transcript is generated.
Clinicians are able to select the type of documentation to draft, and AutoScribe will return
a draft of the documentation based on the visit transcript. During the first KidsAbility
pilot, the tool was used for 186 appointments (with 18 SLP appointments) and had rea-
sonable results overall for some of KidsAbility’s therapy disciplines, such as OT and PT,
but performed particularly poorly for SLP appointments. Participating SLPs found the
generated note in many cases to be unusable. In some instances, AutoScribe failed to
generate a note altogether, returning a blank output.

Due to these results, MutuoHealth agreed to continue piloting AutoScribe for KidsAbil-
ity’s SLPs, as well as to collect the audio recordings and corresponding transcripts for these
appointments. This meant that audio recordings, AutoScribe transcripts, AutoScribe note
generations, and final edited AlayaCare notes could all be collected and matched to an
appointment for further study. The goal was to determine why SLPs face difficulties with
using these Al tools and also to suggest approaches to help mitigate these issues.

Interviews were conducted with several SLPs who participated in the pilot to better
understand their clinical workflows and experiences with the AutoScribe tool. SLPs were
asked to describe their experiences using AutoScribe, how it fit into their existing work-
flow, as well as how they envisioned such a tool could provide value for them and what
improvements could make this a reality. Common issues reported by SLPs were that it
put information in incorrect sections of the SOAP note, reported incorrect information,
included information not relevant to their discipline, or failed to include relevant informa-
tion. For reporting information in incorrect places, observations were a point of difficulty;
even when summaries were dictated to the model at the end of a session, they would often
get put in the wrong sections (Subjective or Analysis).

The success of the model seemed to vary greatly with the type of appointment. One
SLP noted that an instance where they had had success with the model, only needing to
make minor edits, was when using it during a service planning appointment. This was
with no client present and so no therapist-observed information to be reported in the note.
For appointments where the client is present and playing, the therapists theorized that the
model may have difficulty in parsing the play script, as KidsAbility focuses on play-based
therapy. In these appointments, the model often fails to pull out any of the main points
from the session and confuses details. Therapists commented that it seemed unable to tell
that a strategy was being employed within the conversation. For example, in one instance
the model reported an update related to feeding due to an ice cream game present in the
transcript that was actually targeting speech sounds.

Speech therapy seems to present particular difficulty both for transcription and note
generation. It was hypothesized that the automatic speech recognition (ASR) system may
not be able to properly transcribe speech sounds that are relevant to speech therapy. For
example, it may be unable to capture mispronunciations (intentional or unintentional) of
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words during exercises. Frequently therapists will use corrective feedback when working on
a target sound (e.g. /s/), where they will still say the right word but may stretch it out or
make an otherwise distorted version of it. Similarly, a child with /s/ sound difficulty may
also have distorted production, such as interdentally (sounding like a /th/), or in some
other way that lacks clarity. As most ASR systems match audio waveforms to the most
likely word or word sequence, these distortions may not be captured in the transcript as
the model ‘corrects’ these slight errors.

These tools also often fail to capture child speech samples. This was confirmed when,
upon inspection of the transcripts themselves, it was clear that not all speech information
was correctly transcribed by the model, with utterances made by the child omitted more
frequently than those by the therapist or parent. This is consistent with the child speech
segments often being quieter than the adult speech contained in the audio files.

Some of these issues, particularly with the actual generation of the transcription, could
be due to poor microphone quality in addition to environmental factors. For example,
therapists and clients may move around the room during appointments and may be out
of optimal microphone range. In the future, collecting samples with a better microphone
may improve results.

It was important to narrow down the field of investigation, as speech therapy encom-
passes a broad range of encounters, from assessments to therapy appointments, and from
those focusing on articulation to non-articulation. These can be school-based or in-centre.
There are also joint appointments with other disciplines or individual appointments with a
single SLP. AutoScribe’s generated notes for joint coaching appointments did not seem to
suffer from the same issues, perhaps because those appointments are more medical based,
with updates from other professionals on the team. The clients tend to be more complex,
and with more people present the transcript may tend to be clearer and stay more on track.

For the second round of the pilot, AutoScribe added in additional prompting cues that
therapists were encouraged to use in their appointments with the intent of improving some
of the issues encountered by SLPs. This included specific use of ‘Observations are’ and
‘Analysis is’ to cue the model as to what SOAP sections information belonged under. The
efficacy of this was unclear, with therapists reporting inconsistent results. A comprehensive
SLP-specific SOAP template was also drafted and reviewed by SLPs at KidsAbility, that
was more tailored to a pediatric population (e.g. specifying that reports should not include
alcohol/caffeine consumption). This template was used in the AutoScribe prompt to guide
the model in reporting only relevant information in the correct sections. However, this did
not seem to resolve the issues.

2.4 Automatic Speech Recognition

2.4.1 Speech and Audio Processing

Mel-spectrogram generation is a common preprocessing step in audio and speech processing
pipelines and is widely used in applications such as ASR [50], speaker identification [7], and
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language assessment. A mel-spectrogram is a visual representation of an audio waveform
that displays how the energy of various frequency components changes over time, with
frequencies mapped onto the mel scale, which is a perceptual scale designed to reflect how
humans experience pitch. Unlike a linear frequency scale, the mel scale provides greater
resolution at lower frequencies, aligning more closely with human auditory sensitivity.
By capturing key acoustic features such as pitch, intensity, and formant structure, mel-
spectrograms offer a compact yet information-dense representation of speech. They are
particularly useful for comparing articulation across speakers, enabling objective analysis
of pronunciation, clarity, and phonetic variation in both clinical and research settings.

Though not specific to audio signals, Dynamic Time Warping (DTW) is a technique
used to compare temporal sequences by aligning them non-linearly to minimize the distance
between corresponding elements [15]. This can allow for articulation comparison of target
phrases or sounds between speech samples. This is done by warping the time dimension
of one sequence to match the other. In speech analysis, DTW is particularly helpful for
handling variations in speaking rate or timing, allowing for flexible comparison of features
like mel-spectrograms across different utterance samples. DTW can be applied to align
entire sequences, ensuring global consistency, or to sub-sequences of interest, allowing for
fine-grained comparison of a specific phoneme or phrase while ignoring unrelated portions
of the signal. For investigation of phonemes, it is recommended to apply DTW to only the
relevant phoneme segment, as otherwise DTW can incorporate variability from unrelated
phonemes, coarticulation effects, pitch fluctuations, and word duration. As a result, the
DTW cost reflects the variation of the entire sequence rather than articulatory differences
specific to a target sound, such as /s/. For applications focused on phoneme-level artic-
ulation, including the full word may obscure meaningful differences and lead to imprecise
comparison. Therefore, snipping the audio to isolate only relevant phoneme segments (e.g.,
the /s/ in sun or bus) should be done prior to applying DTW. Distance measures can then
be calculated between the adjusted sequences, such as cosine distance.

Noise can affect audio processing or analysis (such as the performance of DTW) in
different ways, depending on the type and severity of the interference. Mild background
noise, such as a low hum or air conditioning, typically has an impact only on overall
magnitude of the signal without distorting its frequency shape. However, transient noises
like coughs or (in the case of several SLP appointments) Microsoft Teams notifications can
produce sharp spikes in the mel frequency bands, significantly distorting the local spectral
shape and potentially leading to errors in downstream tasks. Broadband noise, such as
wind or amplified microphone noise, tends to raise the energy floor (particularly in the
higher frequencies), making it harder to distinguish between fricatives (e.g. /th/, /v/,
/f/). Reverberation poses a more substantial challenge, as it blends the time-frequency
representation, blurring the clarity of fricatives and plosives (e.g. /t/, /k/, /d/) and
reducing temporal precision. Microphone inconsistencies, such as variations in gain or the
distance of a speaker to the microphone, can also distort the frame shape if the signal-to-
noise ratio (SNR) is low, though in most cases the effect is small.

There are several mitigation strategies to minimize the impact of noise, and two will be
discussed here. The first is additive noise matching, where identical background noise is
introduced to both audio samples before comparison. Rather than removing background
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noise, this method aims to equalize noise profiles so that differences in recording environ-
ments, such as variations in microphone static, room acoustics, or other environmental
factors, do not bias the analysis. This is particularly useful when comparing subtle speech
distortions, such as an interdental /s/ versus a correct /s/, where even minor differences in
background noise could mask or exaggerate variations in articulation. By adding the same
noise to both recordings, the comparison is placed on more equal acoustic footing, im-
proving consistency in cosine-based DTW measures and isolating true articulation effects.
Since cosine similarity is sensitive to spectral shape, which can be influenced by differences
in noise floor, this approach helps ensure that the DTW cost reflects speech production
rather than environmental artifacts. When the speech distortion is subtle but important,
a higher signal-to-noise ratio (e.g. 25-30 dB) should be used to prevent excessive masking.

The SNR of a recording, typically expressed in decibels, can be estimated by comparing
the average power of the desired signal to that of the background noise:

SNR (dB) = 10log,, (P Sig“al)
Pnoise

This usually involves isolating a segment of the recording containing only noise (such
as a pause between speech) to estimate Pgise, then using a speech-containing segment to
estimate Psgna. Additive noise matching extends this by taking a representative noise
sample from one recording and scaling its amplitude so that, when added to another
recording, the resulting SNR matches that of a reference file. By adjusting noise levels
in this way, differences in noise conditions between recordings are standardized, enabling

fairer comparisons of signal features.

The second approach for noise mitigation is Voice Activity Detection (VAD). VAD is
often a component of ASR pipelines that involves identifying whether or not audio input
contains speech. This is an important step that allows audio segments without speech to
be filtered out from a model’s inputs, as otherwise a model may introduce hallucinations
by attempting to predict speech from silence. As deep learning based ASR models often
have limits on input audio length, VAD also allows for better chunking of input data.
Segments of larger audio inputs can be flagged as containing speech, which can prevent
splitting audio files over syllables and potentially corrupting the transcription output. It
is also useful for identifying speakers in a conversation, which will be discussed further in
the speaker diarization section.

VAD’s identification of speech-containing audio segments works by analyzing short,
overlapping frames (typically 10 to 30 ms) and classifying them as speech or non-speech.
Traditional VAD methods use acoustic features such as short-term energy, zero-crossing
rate, and spectral distribution, applying threshold-based rules to distinguish speech from
silence or noise. Modern deep learning-based VAD systems instead extract more complex
features (e.g. mel spectrograms, MFCCs) and train neural networks and demonstrate an
improved ability to detect speech more accurately in noisy environments. Post-processing
techniques, such as maintaining speech labels briefly after speech ends (hangover schemes)
or using separate thresholds for speech onset and offset (hysteresis), further reduce seg-
mentation errors. The resulting time-stamped speech intervals enable more effective audio
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chunking, noise removal, and downstream tasks like ASR and speaker diarization. Pyan-
note has a SOTA open-source model for VAD. Silero is another strong contender, with
Pyannote considered more accurate while Silero has faster processing [7][5].

2.4.2 Speech Recognition

ASR is the processing of human speech into text, making it a vital component of appli-
cations such as voice assistants, transcription services, and accessibility tools. Previously,
hidden Markov models (HMMs) combined with Gaussian Mixture Models (GMMs) for
acoustic modeling, with separately trained language models to capture linguistic struc-
ture, were the basis of modern speech recognition systems [38]. These modular pipelines
involved distinct components (acoustic, pronunciation, and language models) that worked
together to decode speech. However, end-to-end pipelines have been an increasing focus
of development, with impressive results. With advances in machine learning technolo-
gies, deep learning approaches to ASR have become SOTA. These strategies are free of
the assumptions HMMs make about feature properties. Deep learning’s increasing ability
to capture long-term dependencies are key to its more recent success in the field, with
Long Short-Term Memory models (LSTMs) [20] and more recently with transformers and
attention-based models [29]. With attention-based models, a single model is able to learn
all pipeline components, mapping directly from audio waveforms to text. By combining the
phonetic, acoustic, and language components into one, these parts can be learned together
and with greater cohesion, a shift that has led to more streamlined and often more accurate
ASR systems [29]. Though this reduces intermediate steps and manual feature engineering,
these end-to-end approaches remove the modularity of those that separate out the acoustic
and language modelling, reducing customizability and potentially requiring re-training for
specific use cases.

For both traditional and modern ASR pipelines, forced alignment plays an important
supporting role. Forced alignment is the process of precisely matching a known transcript
to its corresponding audio at a fine-grained level, such as phonemes or words. The process
begins by using an acoustic model to estimate frame-wise label probabilities for each speech
unit, forming a trellis matrix that represents the likelihood of aligning each label to each
time frame. The most probable alignment path through this matrix is then found using the
Viterbi algorithm, which computes the sequence of labels that best fits both the transcript
and the acoustic evidence [21]. Forced alignment provides labeled data with accurate timing
information important for tasks such as training data preparation, phonetic research, and
pronunciation assessment, without the need for manual annotation [33]. The Montreal
Forced Aligner (MFA) is one such tool that became a gold standard in alignment due
to its accuracy and robustness. Though unlike modern deep learning-based approaches,
MFA relies on manually engineered acoustic features and statistical models rather than
neural networks. While effective in many settings, these methods are labour intensive and
have limited ability to capture complex speech variability, such as coarticulation or noisy
environments. Despite these drawbacks, MFA remains widely used as a benchmark and a
data preparation tool for training contemporary deep learning models in speech research

[38]-
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Transcribing SLP appointment audio faces limitations with typical ASR due to the
nature of speech therapy practices. The speech-to-text models are often unable to recog-
nize sections of speech practice and either mistake sounds for other words or omit these
sections altogether from the transcript. Mispronunciations (intentional or otherwise) may
be ’corrected’ to the most probable word by the language model, producing a transcript
that does not capture client articulation.

2.4.3 Phoneme Recognition

Phonemes are the smallest subunits of speech. For example, the words sun and bun differ
by a single phoneme at the beginning (/s/ vs. /b/), which changes their meaning entirely.
Understanding and identifying phonemes is fundamental in speech processing because they
provide a structured, discrete representation of spoken language that bridges raw audio
and higher-level linguistic units like words or sentences. There are several standardized
alphabets used to record phonemes, including ARPAbet and the International Phonetic
Alphabet (IPA), which is the most commonly used by KidsAbility’s speech therapists.
Some words have multiple pronunciations and therefore multiple IPA notations that are
recognized as correct. Phoneme transcription may get around the issues typical language
modelling pipelines have with certain speech therapies, as language modelling attempts to
match sounds to specific words and phrases, potentially obscuring articulation details.

Historically, many speech processing systems output phonetic transcriptions as an in-
termediate representation. These systems map speech audio into sequences of phonemes
(typically using a standardized alphabet such as IPA), simplifying the variability in speech
and allowing models to focus on the phonological structure. This step occurs before lan-
guage modeling or other downstream tasks. As discussed in the previous section for regular
ASR, SOTA was typically achieved using systems built on HMMs combined with GMMs
to statistically model the temporal and acoustic features of speech. Tools like the MFA
use these methods to perform forced alignment, where phonemes are mapped to precise
time intervals in audio.

As in regular ASR, the introduction of deep learning revolutionized phoneme recog-
nition by enabling models to learn acoustic representations directly from data. Neural
networks (particularly convolutional and recurrent architectures), improved the accuracy
and robustness of phoneme classification. More recently, end-to-end models using tech-
niques like Connectionist Temporal Classification (CTC) and attention-based sequence-
to-sequence architectures have further advanced the field by removing the need for forced
alignment, instead learning alignments implicitly, and allowing flexible mapping from au-
dio to phoneme sequences [2]. These models better capture context and are more resilient
to noise and speaker variability.

Despite these advancements, phoneme recognition still comes with significant challenges
that have contributed to its typical association with high error rates. These include the
handling of coarticulation effects (where phonemes influence each other) and variability
from accents and dialects and the recognition of rare phonemes.
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2.4.4 Speaker Diarization

Speaker diarization is the process of identifying and distinguishing individual voices within
an audio recording, regardless of whether the number of speakers is known beforehand.
Traditional diarization systems relied on classical signal processing techniques, manual
feature engineering, and simple statistical models (e.g. HMMs) to cluster speakers [16].
While somewhat effective, these methods required significant manual intervention and often
struggled to generalize to out-of-domain data.

SOTA today is a dual-model approach that is able to capture distinctive spectral fea-
tures (e.g. pitch), with one model for segmentation and one for speaker embedding gen-
eration [0]. In recent years, Pyannote has emerged as a leading and open source toolkit
for speaker diarization research and applications, and its pipeline will be used to illustrate
the speaker diarization process. The pipeline begins with speech activity detection (i.e.
VAD) to identify speech-containing regions. Then, during segmentation, the segmenta-
tion model analyzes short overlapping windows of audio, typically lasting milliseconds and
spaced slightly apart, to detect when one voice transitions to another. Each window may
contain up to a set limit of local speakers (e.g. Pyannote defaults to three), independent of
speaker identities identified in other windows. To link these local speakers across windows
and determine whether they represent the same individual (global speaker), an embedding
model generates vector representations capturing speaker-specific characteristics such as
pitch and tone. These embeddings are compared across windows, with similar embeddings
clustered together to represent the same speaker while dissimilar ones indicate distinct
speakers. To improve clarity, segments with overlapping speech are often excluded before
embedding extraction. After clustering, embeddings associated with each global speaker
are merged to form a final representation, followed by a binarization step that consolidates
overlapping windows and assigns global speaker labels to continuous audio segments [7].

There are also distinctions between mechanical split diarization, where audio is divided
based on simple rules or channel separation, and Al-based diarization, which uses learned
voice footprinting to identify speakers. For example, many speech models (such as Whisper)
process audio as mono-channel by downmixing multi-channel inputs, which makes for more
efficient processing while typically maintaining recognition accuracy [50]. However, this
can limit the use of spatial cues that might otherwise aid diarization in multi-speaker or
multi-microphone scenarios.

Despite these improvements, remaining challenges in diarization include managing over-
lapping speech segments and the memory demands associated with processing long audio.

2.4.5 State-of-the-Art

Whisper, developed by OpenAl, is widely regarded as a SOTA open-source model for ASR,
approaching human accuracy and robustness. Its architecture is based on an encoder-
decoder transformer design, where the encoder processes 80-channel log-mel spectrograms
extracted from 30-second audio segments, and the decoder uses a sequence-to-sequence
framework to generate text. Whisper was trained on a diverse dataset of 680,000 hours
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of multilingual and multitask paired audio-text data, achieving strong performance across
many languages and robustness to noise, accents, and varied recording conditions. The
model family includes multiple sizes, from the lightweight tiny (39M parameters) and
base models for real-time or resource-constrained scenarios, to medium and large (1550M
parameters) models for maximum accuracy. These models have “.en” versions optimized for
English-only tasks. Whisper supports a variety of inference settings that affect output style
and accuracy, such as temperature sampling for adjusting diversity, beam search for setting
level of deterministic decoding, and task modes for transcription versus translation. It also
includes options for VAD and timestamp generation, making it flexible for integration into
both research and production ASR systems [50].

WhisperX is a Whisper-based pipeline that includes or refines several features that
Whisper either does not include directly out of the box, such as speaker diarization or
phoneme transcription, or that have room for improvement [3]. For example, Whisper
generates timestamps for utterances rather than per word, and these can be several sec-
onds out of sync. The WhisperX pipeline applies forced alignment for better matching of
transcript to audio timing. For fine-grained alignment, WhisperX employs phoneme-based
transcription with phoneme fine-tuned wav2vec2, matching the phoneme recognition pre-
dictions to the Whisper transcription for final results [21]. Though Whisper does perform
VAD, WhisperX introduces an additional VAD preprocessing step that reduces halluci-
nations. It also uses Faster-Whisper in the backend, which is a faster batched version of
Whisper that removes silent segments longer than two seconds with Silero VAD, further
improving speed [56]. Multispeaker ASR is an additional supported feature, with speaker
diarization from pyannote-audio integrated to assign speaker ID labels. WhisperX has
performed well, being awarded first place at Ego4d transcription challenge.
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Chapter 3

Data

3.1 SLP Appointment Data

3.1.1 AutoScribe Pilot Data

From the continuing AutoScribe pilot, KidsAbility was able to provide the audio files,
transcriptions, and generated SOAP notes from AutoScribe for 30 EY SLP appointments,
along with their matching finalized SOAP notes from KidsAbility’s EHR, AlayaCare. Of
these appointments, 10 were selected to be used for testing the transcription and generation
pipelines. This selection was made to cover a range of SLP EY appointment types, mak-
ing sure to include sessions with speech practice as these scenarios were flagged as having
particularly poor performance by AutoScribe. 3 appointments were for block therapy tar-
geting articulation and phonology, while the remaining 7 were coaching sessions targeting
language and speech clarity, social communication, fluency, and AAC. Several visits had
multiple target areas. The audio files provided for each appointment were mono-channel
and in .wav format. These were normalized to help improve quality, as the speakers could
be difficult to hear.

When tokenized, the AutoScribe transcriptions had a mean length of 4769 tokens,
with a standard deviation of 2591. Though AutoScribe did not assign speakers to the
transcription, child speech in particular seemed poorly captured by AutoScribe in these
appointments from comparison with the audio recording. However, additional factors such
as microphone and therapy room set up could have affected the quality of the audio.
Neither speaker or timestamp information was captured in the AutoScribe transcript.

The tokenized AutoScribe generated notes had a mean length of 306 tokens, with a
standard deviation of 51. This was shorter than the tokenized AlayaCare notes, which had
a mean of 467 tokens with a standard deviation of 171. Upon inspection of the generated
notes, AutoScribe had written only “N/A” for the Subjective section in 8 out of the 10
notes. In contrast, only one of the AlayaCare notes lacked any details in the Subjective
section.
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3.1.2 Manual Transcription

To create ground truth transcriptions to compare against the proposed transcription pipeline
and AutoScribe’s generated transcriptions, I manually transcribed each appointment from
the provided audio recordings. However, due to audio quality and human error during
transcription, there may still be missing or incorrectly transcribed information. The tran-
script was divided into speaker segments, with every new line containing a speech segment
with a label corresponding to the current speaker (e. g. [Therapist], [Parent], [Child]). No
timestamps were included in the transcript.

To determine the importance of capturing child speech, the ground truth transcription
was adapted to create two additional versions. While the ground truth contained child
speech as recorded with the standard English alphabet, another version replaced these
sections with the phonemes transcribed by a phonetic model during the periods of child
speech. The third version removed segments of child speech from the transcription entirely.

The phonetic transcript was created using a wav2vec2 model fine-tuned to output
phonemes for audio input [60]. Segments of the audio recordings that contained child
speech were extracted and run through this model to produce the corresponding phonemes.
These phoneme outputs were manually filtered for child speech from other speakers in that
section, and the cleaned phoneme output was used to replace the manually recorded child
speech segments in the full transcript.

By creating these alternate sets of transcripts, the impact of incorporating child speech
into the transcript and the difference in capturing phonetically correct child speech seg-
ments rather than simply the approximated word from a typical ASR mode could be better
assessed.

Two transcripts (ID10 and ID17) were trimmed so that the full context input would
be within the model’s maximum context length that would fit on the GPU instance
(ml.g5.48xlarge). The manual transcriptions were significantly longer than the AutoScribe
transcriptions for each appointment, with a mean of 9417 tokens (SD=1704) for the reg-
ular version. The final lengths for the phoneme transcripts had a mean of 9935 tokens
(SD=1658), while the version without child speech had a mean of 8728 tokens (SD=2041).

3.1.3 Redaction

All data was stored and processed within KidsAbility’s Amazon Web Services (AWS)
environment. KidsAbility removed all externally linked PHI from the SOAP notes before
the research team was able to access them. Any PHI contained within the SOAP notes
was redacted with a corresponding category label (e.g. [NAME] for names, [ADDRESS]
for physical addresses).

However, as the research team performed manual transcription directly from appoint-
ment audio files, there was unavoidable access to incidental PHI mentioned during the
appointment, such as first names. Any PHI encountered while transcribing was redacted
in the same manner as the SOAP notes, keeping the labeling system consistent.

22



3.1.4 Speech Practice

To support a more detailed analysis of speech production, audio samples of the phonemes
targeted during sessions were isolated. One of the block articulation sessions was chosen as
the appointment to draw these samples from, as it targeted speech production of the /s/
sound. Segments where the target sound was practiced within the larger audio file were
identified and corresponding instances of the child’s speech extracted. These were paired
with reference pronunciations from the therapist as well as a recording from a researcher,
which was modified using additive noise matching to better reflect appointment session
acoustics (discussed more in Speaker Comparison).

Each of the child’s phoneme attempts was manually categorized into one of five levels
(1: very poor, 2: poor, 3: fair, 4: good, 5: perfect). This was done by the same KidsAbil-
ity SLP who had been the therapist for the appointment. The SLP listened to the audio
segments where the child said a word containing the target sound and based the speech
quality rating on perceived accuracy and intelligibility. This categorization enabled sub-
sequent quantitative comparisons across speaker types and provided labels for evaluating
pronunciation quality using learned audio representations.

3.2 Prompting and SLP-Context Data

3.2.1 Overview

Providing additional context to the model may help improve its outputs, particularly for a
specialized task it may not have received explicit training on. To enhance the relevance and
clinical accuracy of language model outputs, a collection of SLP- and SOAP note-specific
materials were curated to serve as contextual input during inference. These resources were
chosen to reflect the language, structure, and priorities of pediatric SLP documentation.
The contextual set included historical EY SOAP notes written by clinicians, task exam-
ples of paired appointment transcripts with SOAP notes, and parent-facing handouts that
reflect how progress and goals are communicated outside the clinical setting.

In addition, SLP definitions of key terms and therapy strategies were incorporated,
offering insight into the language and concepts used within the discipline. Templates out-
lining standard SOAP note structures were also included to reinforce the expected organi-
zation and tone of clinical documentation, providing guidance for SLP-specific information
belonging in each section.

These materials were not used to fine-tune the model, but rather to guide its generation
behavior during inference. With discipline-specific context, the goal was to produce outputs
that are more aligned with existing clinical expectations.
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3.2.2 Task Examples

To be able to provide full examples of the task for the model, the 10 appointment tran-
scripts and SOAP notes were re-visited. SLPs matched each of these appointments with
their most closely related appointment. Due to the length of the transcripts and context
length constraints, only one full example would be able to fit for each appointment. Most
appointments had clear matches within the other appointments, though not all matches
were one-to-one. However, the appointment for ID15 did not have a strong match within
the other 9 examples, though ID5 was determined to be the closest and so was used as its
task example.

3.2.3 Historical SOAP Notes

Historical EY SLP SOAP Notes were selected and reviewed by KidsAbility’s SLP clinical
manager to be of a style and quality that KidsAbility approves and encourages. These
notes were chosen to cover key areas of SLP within EY. 15 SOAP notes were provided
and de-identified, spanning several appointment categories. 9 of these notes were for Block
therapy appointments, targeting language (receptive and expressive), phonology, articula-
tion, motor speech, and fluency. 1 note was for feeding. 5 notes were for parent coaching
appointments, targeting language (social communication, receptive language, and expres-
sive language), speech production, social communication, and permanent hearing loss. As
the area of each SOAP note was recorded, this allowed the research team to match these
example notes with similar sample appointments to provide additional guidance for SOAP
note structure and content.

3.2.4 Universal Resources

KidsAbility maintains an internal repository of universal resources, sorted by therapy area
and composed of various information packages targeted at parents. Relevant handouts
may be provided to parents after sessions, as therapists will often give parents one or
two strategies to work on. Handouts usually contain general strategies, with multiple
handouts often existing for a single strategy, or multiple strategies in a single handout,
though a clinician will usually have particular handouts that they prefer to disperse. The
relevance of a strategy is determined by the main concerns of the therapist for how the
child is presenting and what has been worked on in a given session. These documents are
typically pdfs, with some videos, assessments, and worksheets as well. Though available
to all KidsAbility SLPs, therapists noted that these handouts were not always distributed
as they were considered text-heavy.

It is important to note that, as these handouts are specifically designed for parents,
they may use different vocabulary to describe conditions and activities than an SLP would
report in their SOAP notes. However, information they contain may still be relevant for
documentation. To process this information and determine what may be useful as context
for the model, KidsAbility SLPs were asked to go through the SLP-specific resources.
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Specific areas targeted by these handouts are fluency /stuttering, language disorders, speech
sound disorders, and voice. They also included the resources for the SPOT program, which
combines SLP and OT. For each handout, the SLPs recorded whether all, most, some,
or none of the document contained relevant SOAP note information. If only part of a
document was relevant, they were also asked to note down which sections. Additionally,
the SLPs recorded which appointment categories the information was relevant for, along
with the IDs of any related historical SOAP notes.

Based on this assessment of relevance, universal resource context was developed for
each of the 10 sample appointments. This was done by taking the most relevant handouts
and handout sections for each appointment type and combining them to create the final-
ized parent resource context, matched to each sample appointment. All information was
thoroughly checked to make sure it was properly formatted when stored as input context.

3.2.5 SLP Definitions

To provide additional clinically relevant context for SOAP note generation, a set of defini-
tions and descriptions written by practicing SLPs at KidsAbility was created. This aimed
to address the gaps in universal resources, particularly related to clinical terminology, as
the parent handouts used more common phrasing.

SLPs were asked to define key terms in their discipline, such as common disorders,
strategies, and therapy tools. A draft document was provided by the research team as a
guide, containing SLP therapy categories and terms that had appeared in the historical
SLP SOAP notes. However, the clinicians were encouraged to provide any terms and
sections that might be missing yet were relevant for SOAP notes.

The resulting glossary included brief, clear definitions for clinical terms, as well as
intervention-specific strategies. It also described typical appointment types along with
strategies associated with each, providing a structured reference for how certain thera-
peutic approaches are applied in practice. The collected material was reviewed to ensure
consistency and clarity. Although SLPs were given flexibility in phrasing, definitions were
edited only lightly for grammar and formatting. Where possible, redundant entries were
merged, and similar concepts were compared to reduce ambiguity.

These definitions were used as contextual input to enhance the relevance and inter-
pretability of model-generated content. By grounding the model in discipline-specific lan-
guage from actual clinicians, the approach aimed to improve terminology use and align
SOAP note generation with the expectations of practicing clinicians.

3.2.6 Speech Data

In addition to discipline-specific terms, another context piece added for SLP appointments
was information about what is looked for in child speech samples and how this varies by
type of session. SLPs were asked to provide a brief explanation of what a therapist would

25



learn from a child’s vocalizations during an appointment for each of the appointment sub-
categories represented in the 10 sample appointments. This information could better equip
the model to understand what parts of the transcript are important for certain sections
of the SOAP note, as the attention given to different aspects of a child’s vocalizations
vary widely. For example, block therapy for articulation and phonology may look at the
phoneme level of speech productions, while a language appointment may involve comment-
ing on the length of phrases and types of words used. Though what is reported in the note
is highly goal dependent, and not all appointment categories focus on speech, if certain
errors are observed that are not age appropriate they would still be mentioned in the note.

3.2.7 Templates

Templates for SOAP notes were included in the system prompt to guide the model in pro-
ducing outputs aligned with current SLP documentation practices. Two main variants were
used: one adapted from the AutoScribe pilot (to help improve model outputs for SLPs),
and another drafted by a practicing SLP at KidsAbility. The pilot-based template offered
detailed guidance for each section. It gave comprehensive explanations and examples of
what could be included in each category for different SLP appointment types. However,
due to the prescriptive wording and breadth of information covered in the template, it
was theorized that it may contribute to the model’s repeating of template instructions
verbatim or including information not relevant to the current session (e.g. reporting on
articulation in an AAC session). This led to the development of the second template, which
provided brief section-level descriptions with the aim of being practical and informative
but more general. This way, the content was relevant to all appointment types. These
templates served as archetypes, informing the model about the expected structure and
content of SOAP notes without prescribing exact wording. A hybrid template was also
developed that made use of the SLP template definitions but drew from the AutoScribe
template’s examples of what could be included in each section, with the aim of capturing
both versions’ strengths.

26



Chapter 4

Transcription Pipeline

4.1 Overview

As the appointment transcript was to be the primary source of appointment specific infor-
mation to the model when drafting a SOAP note, improving the quality of the transcription
was of significant value. With this in mind, ASR pipeline was created to test whether a
better transcript than the one produced by the AutoScribe system could be produced using
SOTA methods, and if so, how it might impact SOAP note generation.

The AutoScribe transcripts did not include speaker diarization, but this information
may be valuable for accurate SOAP note generation. Several therapists remarked on the
model’s misattribution of what they said to parents and vice versa in the drafted SOAP
notes. This is a barrier to note quality, as information relayed by parents and clinicians do
not have the same clinical authority, with information from caregivers treated as a different
category and reported in certain sections of the note. Having this information as part of
the transcript could improve transcript clarity and help the model create better organized
and more accurate SOAP notes.

As most ASR systems rely on language models, they may struggle with the speech
practice found in SLP appointments. To help assuage this, the research team set up an
audio to phoneme model. These phoneme outputs would replace areas of text where word
confidence was low.

4.2 Methods

A custom transcription pipeline was developed to address the challenges of transcribing
pediatric speech therapy sessions, particularly those involving child speech and overlapping
speakers. The pipeline was modified from WhisperX [3], which aligns Whisper ASR outputs
with wav2vec2 embeddings [60] to generate accurate word-level timestamps necessary for
speaker diarization. This alignment method offers improved temporal precision and long-
form transcription, making it well-suited to extended therapy sessions.
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The core ASR model used in the pipeline was Whisper, selected for its SOTA per-
formance across diverse acoustic conditions. Whisper’s outputs were supplemented with
timestamp alignment using a standard wav2vec2 model, following the strategy introduced
by WhisperX. This allowed for consistent word-level alignment without requiring separate
decoding stages.

To improve recognition of child speech and low-confidence regions in the transcript,
a phoneme-level wav2vec2 model was incorporated. Whisper’s confidence scores for pre-
dicted token sequences were returned from the model, and in cases where Whisper as-
signed low confidence scores to predicted words (typically in child utterances), these words
were replaced with phonetic representations using IPA symbols generated by the phoneme
wav2vec2 model. This substitution enabled the representation of speech that may not
be fully intelligible or correctly transcribed by conventional ASR models. The ability of
wav2vec2 to effectively capture the acoustic characteristics of child speech was a central
consideration in this component of the pipeline.

Speaker diarization was integrated using WhisperX’s implementation of pyannote/speaker-
diarization-3.1, which assigns speaker labels to the aligned transcript. Pyannote operates
offline by default, which is important for maintaining data privacy. This step was particu-
larly important in distinguishing between the speech of the therapist and the child, as well
as identifying overlaps and interruptions during dialogue. Including speaker information in
the transcript improved overall clarity and was expected to support the language model in
producing more organized and accurate SOAP notes, especially when attributing specific
observations or actions to the correct speaker.

Multiple versions of the transcript were to be generated and compared to assess the
impact of different system components. These comparisons included: 1) transcripts gener-
ated by AutoScribe versus those from the custom Whisper-based pipeline, 2) versions with
and without speaker diarization, 3) transcripts that included or excluded child speech, and
4) versions where child speech was replaced with TPA phonemes in low-confidence regions.

These comparisons would inform decisions about pipeline configuration and be used
to evaluate the effectiveness of each strategy in enhancing transcript accuracy and inter-
pretability for SOAP note generation.

4.3 Testing

Each of the 10 audio files were passed through the transcription pipeline to output final
transcriptions. The four variations previously discussed were created by adjusting set-
tings for the pipeline to allow for assessment of different components. In one version, the
phoneme-replacement was unused, with sections of low-confidence tokens transcribed as
the main Whisper model’s chosen outputs rather than replaced with the corresponding
phonetic transcription. In others, the threshold for phoneme replacement was varied to
understand which parts of the audio file the model struggled with.

However, for each variation of the pipeline, the resulting transcriptions were far from
the quality of the manually generated transcriptions. They were not able to capture more
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Table 4.1: Mean Tokenized Length by Transcript Type

Transcript Type Mean Tokenized Length

Manual 9416.5
AutoScribe 4768.8
Whisper 2347.0

detail than the AutoScribe transcript, lacking significant content from the session. As seen
in Table 4.1, the mean tokenized length is much lower for the transcripts generated by the
Whisper-based pipeline.

4.4 Conclusion

Based on the results of the tests conducted on the example audio files, the transcription
pipeline does not seem to produce significantly better results than the AutoScribe ASR
system. It is suspected that the transcription issues experienced here are significantly
contributed to by poor audio quality, as even manual transcription was difficult. This could
be contributed to by audio issues such as low microphone quality or environmental factors
such as microphone placement and room set-up, in addition to rate of speech and accents.
Many therapists use the built-in microphone in their laptops, which is not carried around
as they move about the room during appointments. The current audio quality prevents
determining what are barriers to transcription due to the nature of speech therapy and
what are the result of equipment and environmental factors. Therefore, in depth analysis
of the quality of phonetic child speech and speaker diarization will not be further explored
in this thesis. If Al scribes continue to be piloted for SLPs, investigating optimal set-up
to reduce errors in the transcript would be highly valuable, as the transcript is the main
source of visit-specific information. At this time, KidsAbility does intend to test the system
with improved microphones to see how this impacts transcription issues.

For investigating issues with SOAP note generation in the following sections, the re-
search team will move forward with an idealized version of the pipeline to prevent magnifi-
cation of errors in the pipeline. The inputs used will be the manually curated transcriptions
and context, as if the transcription pipeline could perfectly recognize human speech, convert
speech to phonemes, recognize speakers and their roles, and if the system could perfectly
recognize appointment type and assign relevant RAG info.
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Chapter 5

SOAP Note Generation

5.1 Methods

I compared SOAP note generations based on AutoScribe transcripts and ground truth
transcripts. AutoScribe’s generation pipeline was not accessible, but the same LLM was
used to generate SOAPs for all transcript types to allow for direct comparison of the
outputs.

Llama 3.3 70B was chosen as the generative model for these experiments. It was
accessed through the HuggingFace transformers library and hosted on an AWS SageMaker
endpoint, a ml.gh.48xlarge GPU instance. With this set-up, an input context length of 30k
tokens could be processed at one time, which was enough space for an input transcript, a
task example, and the additional SLP context deemed relevant for an appointment.

SOAP notes were evaluated using a rubric based on [!], with five categories covering
important aspects of SOAP note quality: Clear, Complete, Concise, Relevant, and Orga-
nized. An additional category for Accuracy was added after request by the SLP evaluators,
to help capture whether information was true to the events of the appointment. However,
given the small sample size and to capture more nuanced information, the 3 point Likert
scale was adapted to a 7 point scale. The criteria for each of these categories and point
scores were developed in conjunction with the SLPs. Details of the rating system and
categories are shown in Table 5.1.

Two SLPs from KidsAbility participated in ranking the SOAP notes, dividing the task
by rubric categories into those dealing with note content (Complete, Relevant, Accurate)
and note structure (Clear, Concise, Organized). One SLP evaluated note content, while the
other assessed note structure. This separation was made because the SLP that evaluated
content had been the clinician for the majority of the appointments and so had a more
thorough understanding of the underlying appointment, while the second SLP would have
a less biased perspective between appointments for how the note was structured.

To simulate an idealized RAG pipeline, the context gathered previously was organized
and matched with the appointments and SOAP notes they were most relevant for. For each
appointment, context could include a task example (matching transcript and SOAP note),
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Table 5.1: SOAP Note Evaluation Rubric

Category | 1 2 3 4 5 6 7
Clear Very  Poor: | Poor: Fre- | Fair: Oc- | Adequate: Good: Clear | Very Good: | Excellent:
Confusing, quently casionally Mostly clear, | and  under- | Highly clear, | Exceptionally
ambiguous, unclear, con- | unclear, re- | minor am- | standable precise and | clear, well-
difficult to | tains vague | quires effort | biguities throughout professional articulated
interpret or imprecise | to interpret present language and easy to
language follow
Complete| Very  Poor: | Poor: Key | Fair: Some | Adequate: Good: In- | Very Good: | Excellent:
Critically elements important Covers essen- | cludes all | Thorough Fully com-
incomplete, absent, sig- | elements tial content | expected and well- | prehensive,
major compo- | nificant present, oth- | but may lack | content with | detailed, no omissions,
nents missing information ers lacking depth minor omis- | most neces- | exceeds ex-
gaps sions sary informa- | pectations
tion included
Concise Very  Poor: | Poor: Ver- | Fair: Some | Adequate: Good: Well- | Very Good: | Excellent:
Excessively bose, con- | unnecessary Generally fo- | edited, avoids | Efficient and | Maximally
wordy, redun- | tains un- | detail or | cused, minor | unnecessary streamlined concise with-
dant, lacks | necessary repetitive verbosity repetition presentation out loss of
focus repetition or | phrasing clarity or
tangents meaning
Relevant | Very  Poor: | Poor: Fair: Gener- | Adequate: Good: Ap- | Very Good: | Excellent:
Off-topic, Marginal ally relevant, | Largely rel- | propriate and | All  content | Every detail
includes un- | relevance, but includes | evant, with | purposeful in- | directly sup- | is targeted
related or | includes non- | occasional minimal formation in- | ports clinical | and supports
distracting clinical or | unrelated extraneous cluded focus clinical rea-
content irrelevant details content soning
data
Organized Very  Poor: | Poor: In- | Fair: Some | Adequate: Good: Logi- | Very Good: | Excellent:
Disorganized, | consistent structure Mostly  fol- | cal structure, | Seamless Exemplary
lacks logical | structure, present  but | lows expected | sections well- | flow, easy to | structure,
flow, hard to | difficult lacks consis- | structure, delineated navigate and | intuitive,
follow navigation tency some transi- understand professional,
between sec- tions unclear and coherent
tions layout
Accuracy | Very  Poor: | Poor: Multi- | Fair: Some | Adequate: Good: Accu- | Very Good: | Excellent:
Major com- | ple significant | alignment Generally rately reflects | Strong align- | Completely
ponents of | discrepancies with the | accurate, the visit | ment with | accurate;
the visit are | between note | visit, but | but minor | with  small, | actual wvisit; | all included
fabricated content and | important factual incon- | non-critical details are | information
or misrepre- | actual visit; | factual errors | sistencies or | or minor in- | factually is factual,
sented; does | visit type, | reduce relia- | assumptions ferred details correct, ap- | specific to
not match | findings, or | bility are present propriate to | the visit, and
visit type or | actions are the visit type, | verifiably
purpose inaccurately and well- | reflects what
portrayed documented occurred  in

real time
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SLP definitions, and parent handouts specific to the appointment category. Templates to
guide SOAP note structure were also included in the system prompt.

5.2 Results

5.2.1 First Round

In the first round of SOAP note generation, four different transcript variations were used:

AutoScribe: original AutoScribe-generated transcript.

Manual: manually created ground truth transcript.

Phonetic child speech: manual transcript with child speech segments replaced by
their IPA representation.

No child speech: manual transcript with child speech segments removed.

For each transcript variation, the input was tested with and without providing context
(matched task example, SLP definitions, and parent resources), resulting in 8 possible
variations for each of the 10 appointments. A low-randomness temperature setting of 0.5
was used to curb potential hallucinations and encourage adherence to formatting guidelines.

The initial instructions to the model regarding its role were based on the system prompt
used in [13]. The system and user prompts with full context provided are shown in Fig-
ure 5.1.

System Prompt

You are a helpful, respectful, and honest assistant for a speech language pathologist
(SLP) in a pediatric rehabilitation clinic. You follow these rules:

1. Follow directions meticulously.

2. Write in point-form. Do not write in paragraphs.

3. Do not produce any extra text. Only write what is asked for.

4. Use the following headings: Subjective, Objective, Analysis, and Plan. After
these sections, write "End of Note.”

5. Answer as helpfully as possible, while being safe.

Your task is to produce SOAP notes from transcriptions of appointments.
If context is provided, use it to help inform the SOAP note.

I am going to provide a template for your output in SOAP format.

Try to fit the output into the relevant sections of the SOAP template.

Please preserve the formatting and overall template that I provide.

This is the template:
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{SOAP Note Template}

User Prompt

Write a Progress Note in SOAP format based on the following appointment tran-
scription:
{Task Example Transcript}

System Output

Here is a Progress Note in SOAP format that is based on the transcription:
{Task Example SOAP Note}

User Prompt

Context:

{SLP Definitions}

{Handout Resources}

Write a Progress Note in SOAP format based on the following appointment tran-
scription:

{Transcript}

Figure 5.1: System and user prompt structure with one-shot prompting and context pro-
vided to the model in Round 1.

80 SOAP notes were generated in the first round, with the 10 AlayaCare SOAP notes for
each appointment also needing to be ranked by therapists for comparison. Two SLPs from
KidsAbility evaluated all 90 SOAP notes, dividing the task by the six rubric categories into
those dealing with note content (Complete, Relevant, Accurate) and note structure (Clear,
Concise, Organized). The SLPs discussed between themselves to ensure the rankings were
consistent and accurate.

The generated note lengths for each transcript type can be found in Table 5.2. SOAP
notes generated from manual transcripts were typically the longest both with and with-
out provided context, with notes generated from AutoScribe and phonetic transcripts the
shortest.

Transcript Type No Context Context

AutoScribe 1226.9 1380.6
Manual 1421.8 2086.1
Phonetic 1226.9 1382.9

No Child Speech 1275.3 1454.5

Table 5.2: Round 1 Generated SOAP Note Lengths by Transcript and Context Type.
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Input Clear Complete Concise Relevant Organized Accurate
AlayaCare 6.700 6.500 6.600 7.000 6.400 6.500
All AI-Generated Notes 2.838 2.538 2.988 2.938 3.325 2.762
Notes Generated without Context | 2.100 2.050 2.200 2.475 2.35 2.250
Notes Generated with Context 3.575 3.025 3.775 3.400 4.300 3.275

Table 5.3: Round 1 Mean Scores for AlayaCare and Generated SOAP Notes.

Transcript Type | Clear Complete Concise Relevant Organized Accurate
AutoScribe 2.1 2.1 2.6 2.3 2.7 2.1
Manual 1.8 1.8 1.7 2.3 2.1 2.2
Phonetic 2.2 2.2 2.3 2.6 2.5 2.1
No Child Speech | 2.3 2.1 2.2 2.7 2.1 2.6

Table 5.4: Round 1 mean scores for generated SOAP notes without context by transcript
type. The highest mean score for each rubric category is in bold.

From Table 5.3, the AlayaCare notes (SOAP notes submitted by SLPs to KidsAbility’s
EHR) were rated significantly higher than the generated notes (with and without context)
across all categories, and so there is clear room for improvement. Table 5.4 shows results for
the notes generated without additional context, where AutoScribe had better organization
and conciseness than the other transcript versions, while the phonetic and no child speech
transcripts had better relevance and the manual transcript performed the worst overall.
The SOAP notes generated using context consistently ranked higher than those without
context across all six categories, with better accuracy for non-AutoScribe transcripts, as
seen in Table 5.5. Manual and phoneme transcripts were more complete, while manual
performed the worst for the note structure categories.

However, the SOAP notes generated with context were found to have information re-
peated from the task example SOAP notes. This was confirmed from inspecting the notes
and is supported by Table 5.6, which shows the mean and standard deviation for ROUGE
scores comparing the notes generated with context to the AlayaCare and task example
SOAP notes. The task example comparison yields significantly higher ROUGE scores.
This may have confused the evaluations, as the note structure may have been of high qual-
ity and the content relevant to the sections, but only because the model had stolen from
the example and not because it had generated a SOAP note that matched well with the
input transcript.

A trend noticed by the SLPs was that model-generated notes tended to repeat the same
information for Subjective, Objective, and Analysis sections, or to put information in the
incorrect section. The model also sometimes failed to pull out the main purpose of the
notes. The SLPs noted that it seemed to struggle the most with pulling the main goal for
notes in the fluency category, instead converting them to speech and language. This could
be because fluency was discussed less during the visit than other topics.

Additionally, strategies during these appointments typically involve asking parents to
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Transcript Type | Clear Complete Concise Relevant Organized Accurate
AutoScribe 3.5 2.8 4.3 3.3 4.6 2.8
Manual 3.1 3.2 2.7 3.3 3.5 3.4
Phonetic 3.8 3.4 3.9 3.6 4.5 3.6
No Child Speech | 3.9 2.7 4.2 3.4 4.6 3.3

Table 5.5: Round 1 mean scores for generated SOAP notes with context by transcript type.
The highest mean score for each rubric category is in bold.

Score Type Alaya Care Task Example
Mean Standard Deviation Mean Standard Deviation
ROUGE-1 0.289 0.070 0.400 0.166
ROUGE-2 0.065 0.048 0.199 0.206
ROUGE-L 0.153 0.043 0.273 0.188
ROUGE-LSUM 0.276 0.064 0.387 0.169

Table 5.6: Round 1 mean and standard deviation of ROUGE scores for generated SOAP
notes compared to AlayaCare and task example notes when context is provided, for all
transcript types.

model strategies rather than directly asking the child. However, the model would often
report that it was the child who had been the target of the strategy. The generated
notes also tended to pull wording directly from the template that led to confusing outputs,
repeating the template instructions rather than filling in information from the session.

5.2.2 Second Round

A second round of SOAP note generation and evaluation sought to address the repetition
of the example SOAPs. It was hypothesized that the model was overfitting to the single
example SOAP note from the task example, and so the example historical SOAP notes
were used at this stage to provide further guidance on SOAP note structure. Additionally,
the long context length could also have been overwhelming to the model, and so con-
densing and decreasing the amount of additional information included was also tested by
removing parent handouts from the input. A new template was introduced in this round
that was more general and less prescriptive and included section explanations written by a
KidsAbility SLP rather than the AutoScribe template. This was to prevent the model from
recycling template wording and details that were not relevant for every session. Another
adjustment made was to increase the temperature to 0.6, as low temperatures encourage
the model to favour high-probability outputs, which can lead to repeating few-shot exam-
ples or ignoring slight differences in prompts. The goal of the temperature increase was to
have less rigid and more natural responses in addition to less repeated information between
sections while still having a temperature low enough to discourage hallucinations.

For this iteration, only the transcripts with the child speech represented as phonemes
were used, as they had scored relatively highly in the first round and choosing a single
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transcript would allow for more fine-grained analysis of the other input components. For
each of the 10 appointments, 4 variations were tested with the phonetic transcripts and
raised temperature. For each variation, the temperature was set to 0.6. The Round Two
variations are summarized as:

e Variation 1: Same full context input as Round One.

e Variation 2: Parent handouts removed and replaced with four example historical
SOAP notes chosen for their detail and adherence to standard SOAP structure (the
number of historical notes for this case was limited due to context length constraints).

e Variation 3: Task example removed and replaced with 24 example SOAP notes (the
15 historical SOAP notes and the 9 other example SOAPs from the appointments).

e Variation 4: Task example and parent handouts removed and replaced with same
24 example SOAP notes as Variation 3.

The 40 notes were generated and ranked, with all categories scored this time by the
SLP who had been the clinician for most of the appointments. Though the second SLP was
unable to continue, the SLPs were both involved in setting up the criteria for each category
and had discussed how the first round evaluations were ranked to help with consistency in
subsequent rounds.

Variation | Clear Complete Concise Relevant Organized Accurate
Variation 1 | 2.6 2.9 2.9 2.7 3.3 24
Variation 2 | 2.8 2.1 3.1 1.8 4.2 1.7
Variation 3 | 2.5 1.5 3.4 1.3 3.8 1.1
Variation 4 | 2.1 1.6 4.2 1.4 4.2 1.2

Table 5.7: Round 2 mean scores for generated SOAP notes by variation. The highest mean
score for each rubric category is in bold.

It was found that even with the increase in temperature and number of examples, the
model frequently repeated information from the task example SOAP note (and to a lesser
extent the historical SOAP notes), seemingly without regard to the current appointment.
This is reflected in the ROUGE scores of the generated SOAP notes compared to the task
example in Table 5.8, with the scores significantly higher when the task example was in-
cluded in the input. When the task example was not provided, it still repeated information
from the other example SOAP notes even when no related content was mentioned in the
transcript. After review by the researcher, all 10 of the appointments were found to have
blatant copying from example SOAP notes. This copying likely had different impacts on
the note evaluation depending on how similar the example visit was. This was the main
issue highlighted by the therapist, making it difficult to judge the model’s ability to find
relevant information within the visit transcript and also confusing the impact of other
input components. There was no clear evidence that the model was referencing the tem-
plate or the SLP definitions, and limited evidence of content from parent handouts. The
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only instance where there was notable contribution from a parent handout, the clinician
had flagged it as being irrelevant for that SOAP note. In one case, the model also used
phonemes in a nonsensical way, repeating verbatim phoneme content from the transcript
out of context and with no interpretation. However, the therapist did note that there was
less repetition between SOAP sections in this round (though this may have been due to
the copying of previous SOAPs).

Score Type No Task Example Task Example
Mean Standard Deviation Mean Standard Deviation
ROUGE-1 0.240 0.089 0.576 0.182
ROUGE-2 0.051 0.050 0.411 0.254
ROUGE-L 0.138 0.055 0.460 0.240
ROUGE-LSUM 0.236 0.090 0.564 0.189

Table 5.8: Round 2 mean and standard deviation of ROUGE scores for generated SOAP
notes compared to task example SOAP note with and without task example provided in
input.

An important note is that, though the model’s repeating of task example information
often negatively affected evaluations of note content for the generated SOAP, in several oc-
casions where the example came from a closely related visit for the same client, the inclusion
of this stolen information improved the note content scores. These related appointments
may be relevant enough to the specific session such that their SOAP notes overlap and can
provide valuable context to the model that may not be directly included in the transcript,
such as a client’s current goals and progress. Unfortunately, most progress notes are not
sufficiently related, and such direct inclusion of their information is out of place.

5.2.3 Third Round

In the first phase of the third round, the goal was to explore methods of preventing the
model from stealing example SOAP note content and improving note quality without
the use of example SOAPs. The clinicians would perform another evaluation on the best
variations from this exploration. It was hypothesized that the matched example transcripts
and SOAPs were too similar to each other, and so rather than learning guidelines for
forming a SOAP note from a transcription, the model would reuse the example output. To
help address this, task examples were given from visits that were dissimilar from the target
appointment and phrased explicitly as examples rather than a previous user interaction.
Two coaching appointments were chosen to be the task examples for the others as their
SOAP notes had both scored relatively highly. The two visits were paired with each other,
and each of the remaining appointments was paired with the example most dissimilar
to it (i.e. where the therapy practices were most distinct). For example, this meant
pairing appointments that had significant speech practice with the appointment that mostly
involved caregiver updates. Slight variations to the instructions before the template were
tested, switching the ordering and wording. Within the prompt, more explicit directions
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not to copy content from the task example were also provided, as well as to only report
information in the sections it was relevant to. Clearer labeling of sections of the input was
also added, with tags in the system prompt such as [Role| before role instructions were
given and [Task] before providing task specific instructions. Within the task instructions,
an explanation of the transcript structure was included (i.e. speaker tags before sections
of dialogue) to aid in transcript interpretability. Parent handouts were also removed from
the input for this round, as they had had no clear benefit. The temperature was raised to
0.7 to encourage more diverse model output and further curb repetition between sections.

It was found that even with a dissimilar task example and explicit instructions against
copying, the model frequently repeated information from the task example SOAP note that
did not match the current appointment transcript. This is reinforced by the ROUGE scores
for the generated SOAP notes compared to the task example SOAP note in Table 5.9, with
the scores again being significantly higher when the task example is provided. This also
happened if example SOAP notes were provided rather than a full task example - if an
example was included, it would copy. However, the outputs that used only the template
and the SLP definitions as additional context seemed improved from the previous rounds,
pulling information from the current transcript. The two most promising versions used
the briefer template, differing from each other only slightly in the wording and order of
instructions provided in the system prompt.

Score Type No Task Example Task Example
Mean Standard Deviation Mean Standard Deviation
ROUGE-1 0.220 0.024 0.509 0.151
ROUGE-2 0.017 0.009 0.359 0.199
ROUGE-L 0.103 0.010 0.414 0.179
ROUGE-LSUM 0.214 0.026 0.503 0.155

Table 5.9: Round 3 mean and standard deviation of ROUGE scores for generated SOAP
notes compared to task example SOAP note with and without task example provided in
input.

In phase two of the third round, the 20 SOAP notes generated for these variations
were sent to the clinicians for evaluation. Table 5.10 reports the mean scores for the
generations from the two main input variations, showing modest improvements over the
previous round for note content quality. The second template version seemed to be slightly
higher than the first for most note content categories. The first template variation also
achieved comparable scores to the second round in note structure despite having been given
neither a task example or example historical SOAP notes.

Variation | Clear Complete Concise Relevant Organized Accurate
Template 1 | 3.2 3.1 3.4 2.8 3.9 2.8
Template 2 | 2.7 3.1 3.2 3.1 3.7 3.0

Table 5.10: Round 3 mean scores for generated SOAP notes by variation. The highest
mean score for each rubric category is in bold.
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Regardless of input variation, performance also seemed to vary by appointment type,
as shown in Table 5.11. The model seemed to perform best at the appointments that
were most similar to a typical doctor patient visit. In this subset, those were the AAC
sessions. The therapist described these appointments as more straightforward visits where
the model was able to hit on all of the main points, while other appointments seemed to
have nuances that the model was unable to pick up on. This was further reinforced after
the therapist briefly reviewed the joint OT-SLP or PT-OT-SLP appointments from the
earlier AutoScribe trial and found the generated SOAP notes to be typically more accurate
than the AutoScribe-generated SLP SOAP notes (though it still struggled with nonverbal
Observations). The model seemed to struggle the most with the block appointments,
which all targeted articulation and phonology in this subset. This may be because these
appointments typically involve direct speech practice, play-based therapy, and observations
not directly recorded in the transcript.

Variation Clear Complete Concise Relevant Organized Accurate
Coaching - AAC | 3.5 4.5 3.8 4.5 4.0 4.3
Coaching - Mixed | 3.1 2.7 3.1 2.5 4.0 2.6

Block 2.3 2.8 3.3 2.7 3.3 2.5

Table 5.11: Round 3 mean scores for generated SOAP notes by appointment type. The
highest mean score for each rubric category is in bold.

For many appointments, the model reported on object permanence or that the child was
able to identify animals and objects. After review, this was not found to be present in the
SLP-specific context, yet in many appointment transcripts the therapist does play games
with the child that involve object identification. Though in some cases this information
is technically supported by the transcript, it is typically not clinically relevant for an SLP
SOAP note.

5.2.4 Fourth Round

The fourth round would explore new variations to improve note quality, this time with
the researcher’s qualitative review rather than clinician ranking. Many of the remaining
issues with the SOAP notes did not require clinical expertise to recognize (e.g. repeated
information, incorrect activities). The researcher also relied on direct comparison with the
matching AlayaCare SOAP note.

In the first phase, the manual transcript was tested along with the phoneme transcript
to see the impact of an alternative child speech representation. A new context component
tested this round was information specific to child speech that an SLP would be looking
for based on the appointment category. The template was once again revised, with a new
version combining both the SLP definitions and the AutoScribe version (rephrasing the
AutoScribe tenmplate’s details as examples of information to include rather than prescrip-
tively). The system and user prompt instructions were refined to emphasize being concise,
to only report information found in the transcript, and to avoid general statements. Parent

39



handouts were also added back in for one variation to test whether they were able to add
value to the generations. One final variation also added the task example again.

Once again, the variation with the task example copied inaccurate details not from
the current visit. The model did not seem to be making use of the phonemes in the
current format, and so for subsequent iterations only the manual transcript was used. For
the variation with parent handouts, some generations seemed to have improved quality,
though there were several instances of strategies mentioned from the handouts that were
irrelevant for the current session. Based on these findings, the parent handouts were further
revised to be more targeted for each session, keeping only those most closely related. This
also helped to reduce context length, which would potentially allow the model to better
focus on the rest of the input.

In the second phase, the manual transcript was tested with two versions of the template,
one still based off of the SLP provided definitions and the other with the combined details
of the AutoScribe template, with no example SOAPs. The revised SLP definitions, parent
handouts, and child speech information were also included. The variations tested both
together and separately were the inclusion of speech information and parent handouts.

After reviewing the previous outputs for some of the AAC appointments, further re-
finements were made to the parent handouts associated with them (i.e. removing language
handouts for a nonverbal client). For the fluency sessions, the provided SLP definitions
were given more information provided by KidsAbility’s SLPs. The variations tested were
the two template versions and the inclusion or exclusion of parent handouts. Multiple
SOAP notes were generated for each variation for better comparison.

The added fluency information was beneficial, with a generated SOAP note even in-
cluding the fluency outcomes reporting tool mentioned in the transcript and corresponding
AlayaCare SOAP note. After reviewing the generated outputs from these variations, the
added speech information seemed most impactful for the motor speech appointments, which
use speech information most directly. Speech practice was a significant component of the
session, and the generated outputs were now more focused on the targeted sounds, with
fewer irrelevant details.

In general, it seemed that more relevant details were captured in the fourth round’s
SOAP notes, with refinements from each of the phases leading to small improvements.
The model seemed better able to identify session activities in this round’s generations,
correctly noting specific games or books. The more detailed template and inclusion of
parent handouts led to the best results for the coaching appointments, while the briefer
template without parent handouts seemed best for the block appointments. This may be
because the selected set of block appointments were all related to motor speech, and the
sessions centred around child speech practice rather than parent strategies.

The best generation for each of the 10 sample appointments was chosen to be included
in a final evaluation by the SLP that had ranked the previous rounds’ outputs. Three
slightly different generation methods were represented, with half of the appointments hav-
ing the best results from the briefer template with no parent handouts (4 articulation and
1 fluency), and the other half benefiting from the more detailed template either with (2
AAC) or without (1 AAC and 2 articulation) parent handouts. Table 5.12 shows the mean
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results for Round 4 compared to the highest scores in each category from Round 3 as well
as the no context generations for the manual transcription inputs from Round 1. Round 2
results were not included, as the task example and example SOAP notes may have confused
results.

Variation Clear Complete Concise Relevant Organized Accurate
Round 1 No Context | 1.8 1.8 1.7 2.3 2.1 2.2
Round 3 Template 1 | 3.2 3.1 3.4 2.8 3.9 2.8
Round 3 Template 2 | 2.7 3.1 3.2 3.1 3.7 3.0

Round 4 3.5 2.6 3.9 2.9 3.7 2.8

Table 5.12: Round 4 scores for generated SOAP notes compared to rounds one and three.
The highest mean score for each rubric category is in bold.

These results show a clear increase in note quality when discipline- and task-specific
context is included, with scores increasing across all rubric categories, comparing row 1
(no context) to the other rows. Though Round 4 (row 4) only surpasses both Round 3
variations (rows 2 and 3) in clarity and conciseness, it does match or surpass the lower
Round 3 variation score for each category excepting completeness.

Variation Clear Complete Concise Relevant Organized Accurate
Coaching - AAC | 4.5 3.5 5.0 4.5 5.0 4.5
Coaching - Mixed | 3.4 2.2 3.6 24 3.6 2.4

Block 3.0 2.7 3.7 2.7 3.0 2.3

Table 5.13: Round 4 mean scores for generated SOAP notes by appointment type. The
highest mean score for each rubric category is in bold.

In Table 5.13, the mean scores for broad appointment categories are reported. Coaching
appointments that only target AAC have the highest scores across all rubric categories. As
previously hypothesized, this may be due to the more straightforward nature of these visits,
which often involve more discussion between caregiver and therapist rather than play-
based therapy. Coaching appointments that targeted other and mixed focus areas, such
as language and fluency, scored similarly to the block appointments (targeting articulation
and phonology). Notably, the block appointments scored higher for Complete and Relevant
categories and only slightly lower for Accuracy, which is an improvement from previous
rounds. This may be due to the inclusion of speech information that may have helped
guide the model in what to look for and report on in that type of session.

5.2.5 LLM Reviewer

The fifth and final round involved having the LLM review and revise previously generated
outputs. In the review phase, the model should look for missing or fabricated content in
reference to the input transcript, as well as issues with formatting based on the provided
SOAP note template. Based on these findings, the model should then revise the generated
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SOAP note. Chat-GPT helped in refining the new system and user prompts to be optimized
for this two-step task, with the final versions displayed in Figure 5.2. The LLM was given
the role of an expert clinical documentation reviewer specializing in SOAP note evaluation
for pediatric SLP. Step one was to analyze the SOAP note for accuracy and completeness,
looking out for hallucinations, omissions, or issues with section content. Once it had
conducted its review, step two was to revise the SOAP note based on the review findings.
The model was also provided a template of SOAP structure to guide its review (both
templates used in round 4 were tested).

System Prompt

You are a licensed pediatric speech-language pathology assistant and expert in
clinical documentation review.

You specialize in evaluating SOAP notes for accuracy, completeness, and clarity
based on session transcripts.

Use professional, clinical language appropriate for inclusion in a patient record. Be
concise, factual, and avoid speculation.

Always distinguish between what was observed and what was inferred.

If you detect hallucinated or fabricated content, clearly label it. If information is
missing, include it only if it is directly supported by the original transcript.

Your revised SOAP notes should be clean, structured, and clinically appropriate.
Eliminate any unnecessary repetition across sections. Each part of the SOAP note
should contain distinct, non-redundant information. For example, avoid restating
the same goals or activities unless it serves a new purpose in the section (e.g.,
analyzing performance in the Assessment after listing tasks in the Objective).
Write in point-form. Do not write in paragraphs.

Use the following section-specific guidance to ensure each part of the SOAP note
is appropriately structured and clinically relevant:

{SOAP Note Template}

User Prompt

Your task is to review and revise a SOAP note generated from an SLP rehabilita-
tion appointment transcription.

Transcript of Pediatric SLP Appointment:
{Transcript}

Initial SOAP Note (Generated):
{Generated SOAP note}

Step 1: Critical Review

Analyze the SOAP note for accuracy and completeness. Identify:

1. Hallucinations — Any content in the SOAP note that is not supported by the
transcript, including:
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-Fabricated symptoms, behaviors, parent statements, or therapy goals

-Inferred diagnoses or plans not explicitly mentioned

2. Omissions — Any clinically relevant information from the transcript that was
left out, such as:

-Key parental concerns or child behaviors

-Observations about articulation, language, or communication attempts

-Details about cues, prompts, supports, or outcomes

3. Section placement errors — Any content that belongs in a different SOAP
section (e.g., subjective info in the Objective).

Present your review as bullet points under these three headings.

Step 2: Revised SOAP Note Based on your findings, re-write the SOAP note so
that it:

-Reflects only what is supported by the transcript

-Includes relevant missing information

-Clearly separates Subjective, Objective, Assessment, and Plan

-Is appropriate for a pediatric speech-language therapy context

-Uses concise, clinical language that would be suitable for a real pediatric SLP
patient record

Return your output in two parts:

1. Review Findings

2. Revised SOAP Note

Figure 5.2: Example of system and user prompts provided to the model for reviewing and
revising generated SOAP notes.

The best round 4 outputs for each appointment were selected based on how closely their
details matched with the AlayaCare SOAP notes, though most had issues recognizable to
the researcher (repeated lines, hallucinated content, missing information, etc.).

From inspecting the outputs, the model’s review was often able to identify missing
information and some hallucinations, however, it did not often make use of what it found
in the review when rewriting the note. In no instance did it add information to the revised
note not present in the original SOAP note. Even if the review mentioned that the note
had missed information for a note category, it did not generally appear in the revised note.
Content identified as hallucinations was not always removed, either. The model in general
did have some success in making the SOAP notes more concise, removing unsupported
statements and duplicate lines between sections. It also frequently removed lines that were
copied from the template. However, it also occasionally removed relevant points as well
while failing to remove vague statements that added little value to the SOAP note. There
was no clear trend for the information the model would remove, leave in, or add, though
positively it most often seemed to remove redundant information.

For each appointment, the final LLM-reviewed output of the best generated SOAP note
was evaluated by an SLP. The mean results are compared to the results of the original round
4 generations in Table 5.14. The LLM-reviewed notes seem to result in an overall decrease
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in rubric scores, suggesting that the current capabilities of the LLM for revising the SOAP
note are not strong. This could be a combination of poor model instructions in addition
to the model not understanding how to carry out the task. This is reflected in the output
itself, as the model did not seem to make use of its review in revising the SOAP note. The
review was occasionally able to correctly identify both hallucinations and missed topic
areas.

Variation Clear Complete Concise Relevant Organized Accurate
Round 4 3.5 2.6 3.9 2.9 3.7 2.8
LLM Reviewer | 2.9 2.2 3.7 2.8 3.7 2.7

Table 5.14: Fourth round scores for generated SOAP notes by variation and appointment.
The highest mean score for each rubric category is in bold.

As the LLM frequently output the generated SOAP note in paragraph format rather
than point form, it was theorized that perhaps this would impact the note structure ratings.
The SLP evaluating the SOAP notes commented that if they were to change the rating
based on paragraph vs. point form, it may have been in conciseness. However, while
conducting the evaluations they noted that there were paragraph-form notes that they
would have not changed the rating for, and so this cannot be the sole contributor to the
decrease in note structure scores, as the biggest decrease was in clarity.

5.3 Discussion

SLP-specific context had a noticeable improvement on note quality across all six rubric
categories. Defining SLP terminology and therapy strategies, explaining aspects of speech
relevant to appointment types, and providing a template for SOAP note structure all
seemed to have positive impacts. Adding information about what a therapist would look
for within a child’s speech based on the appointment type was, as expected, most helpful for
the appointments that most directly drew information from child speech (i.e. articulation).
It seemed to have little effect on AAC appointments, where the focus was on communication
technology usage.

SLP is a broad discipline, and it was vital that any details provided to the model were
directly applicable to the session. For example, having a template that explained sections
of a SOAP note with generic example information was beneficial for note structure, but
when a prescriptive and detailed template was used that covered appointment type-specific
content, the model would repeat content from the template that was irrelevant to the
session. This is also demonstrated by the model repeating information irrelevant to the
current session from example SOAP notes when provided as context. Providing only the
relevant resources in the context was the only consistent method of preventing repetition
of unrelated content during testing.
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Chapter 6

Speaker Comparison

6.1 Overview

The goal of this comparison was to investigate ways of quantitatively analyzing child speech
quality for speech therapy sessions. The desired output was a way to score child speech
samples such that it could be passed in as an additional input to the model, providing
deeper insight into a child’s performance during speech therapy sessions.

SLP appointments that focused on speech therapy, particularly articulation and phonol-
ogy, were flagged by therapists as having particular difficulties with Al tools. For appoint-
ments that target specific sounds or speech areas, a SOAP note will often include details
about how well the child was able to produce a target sound in different situations. If
the model was able to understand more of the child’s speech production during practice
sessions, the SOAP note may be able to draft more informed Observation and Analy-
sis sections and include more detail relevant to these types of appointments. Determining
measures of speech quality from session audio would be a step towards providing the model
with this more nuanced information that may be relevant for SOAP notes.

Child speech samples were compared against correct reference speech samples, assessing
how the cosine distance between their mel-spectrogram representations varied with speech
quality score. These samples were also used as inputs to a phoneme ASR model, and the
activations of the model layers for the speech samples were recorded. The cosine distances
and layer activations were tested as predictive features of speech sample quality using a
regression model, with layer activations achieving better results. These predicted speech
quality scores were then used as additional context for SOAP note generation.

6.2 Speech Sample Preparation

One of the block appointments that focused on articulation and phonology was chosen as a
sample to develop and test this speech comparison, as it included clear examples of speech
practice involving the child, therapist, and caregiver. 30 sections of child and therapist
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speech where the main target sound was practiced were isolated from the appointment
audio file. Each child speech sample was assigned a scalar label by an SLP that reflected
articulation accuracy. This scale was from 1 to 5, where [1: very poor, 2: poor, 3: fair, 4:
good, 5: perfect].

For each of the 30 child speech samples, matching therapist samples were collected for
the same target words. To provide a consistent reference for comparison, an additional
recording was created for each word, produced by a researcher with typical adult articula-
tion. In this way, a quantitative comparison could be made between typical and distorted
articulation. To ensure acoustic consistency with the therapy session recordings, additive
noise matching was applied to the researcher recordings. Background noise segments were
extracted from moments of silence during the original therapy appointments and added to
the researcher samples to match the SNR and better simulate the recording environment.
The estimated SNR for the sample appointment was 13.06 dB, and so this was the target
SNR for adjusting the reference speaker samples.

Following this, all audio samples (child, therapist, and researcher productions) were
manually sliced to isolate the target phoneme being practiced in the session. One or two
surrounding phonemes were retained when necessary to preserve natural transitions and
consistency between speaker samples, while the remainder of each word was excluded to
minimize interference from unrelated sounds. Removing these extra phonemes allowed for
a more direct analysis of the child’s articulatory accuracy for the target speech sound.

6.3 Speech Quality Score Prediction

To measure how different a child’s articulation was from typical speech, the final audio
segments of the target speech sounds were converted into mel-spectrograms, and DTW
was used to align them temporally. Cosine distance was then calculated between the
child’s articulation and both the therapist and researcher samples. These audio segments
were given a score of 1 to 5 based on articulation quality: very poor, poor, fair, good, and
perfect, based on previously assigned ratings. This enabled analysis of acoustic similarity
as a function of articulation accuracy.

The audio segments were fed into the wav2vec2 phoneme transcription model, and
the activations were recorded for each layer. A comparison of the average cosine distance
between the network activations of child speech samples and reference speech samples for
each layer is shown in Figure 6.1, grouped by child speech quality score.

To investigate whether embedding layer representations could be used to estimate
phoneme production quality, a Ridge regression model was developed using cosine dis-
tance values derived from language model layer outputs. Cosine distances were computed
between child phoneme articulations and reference articulations (therapist and researcher)
across model layers 1 through 25. Visualizations of these distances showed that cosine
distance decreased monotonically with increasing quality score only in the final two layers,
though consistent separation between higher and lower productions were seen across ear-
lier layers as well. Ridge regression was then applied to map embedding distances to these
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Figure 6.1: Average cosine distance between child and reference speech samples for layer
activations by speech quality score.

scalar scores. Several configurations were evaluated using leave-one-out cross-validation
(LOOCYV). A baseline using the average cosine distance across all layers produced mod-
est results (RMSE=1.112, R?=0.033). Using all eight layers as input improved perfor-
mance (RMSE=0.345, R?=-0.030), with a slight further gain when averaging their outputs
(RMSE=0.332, R2=0.044). When assessing layers individually, layer 9 yielded the best
predictive performance (RMSE=0.756, R®=0.881). These results suggest that embedding
representations from middle model layers, particularly those surrounding layer 9, contain
information useful for quantifying articulation quality. Further work may explore whether
using multiple layers or alternate modeling approaches can improve regression accuracy.

In LOOCYV, the model was trained 30 times, each time leaving out one of the examples,
and then predicting a score for that left-out example. Therefore, every data point gets
a predicted score, but it was never used in the model that predicted it, giving a better
estimate of generalization performance. This also left a prediction for each of the 30
samples that could then be tested as an additional input to the SOAP generation model.

Figure 6.2 plots the average cosine distance between mel-spectrograms of child and
reference speakers for each sample word, organized by speech quality score. There is
high variability across scores, particularly in the lowest score category, with no discernible
correlation between cosine distance and speech quality.

The predictions of the model (trained using the layer 9 embeddings) for each word by
each speaker had varied results. The reference speakers all performed fairly well, with
the regression model predicting appropriately high scores, as seen in 6.3. However, the
predictions made for the child speech samples (in the left panel) tended to be lower overall
even if the actual speech sample had been of higher quality. Though apart from the lowest
score category, the predictions do follow a trend of lower to higher predictions for lower to
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Figure 6.2: Average cosine distance between child and reference speech sample mel spec-
trograms by words and speech quality score.

higher quality samples. This could perhaps be improved with a larger sample size.
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Figure 6.3: Predicted vs. true speech quality scores by speaker for regression model trained
on layer 9 outputs. Mean score is denoted by 'x’.

6.4 Generation

The scores from the regression model were used as additional inputs to the LLM for drafting
SOAP notes. Two versions for incorporating these scores into the user prompt were tested.
In the first, the scores were averaged across the speech samples for the session, providing
an overall session score. For the second version, the list of words and their corresponding
scores were included, to provide more nuanced information for where the child did well and
where further support may be needed.

These progress notes were evaluated by an SLP, and their results are reported in Ta-
ble 6.1. The incorporation of speech quality information did not result in a clear improve-
ment in note quality. From inspecting the notes, this added information did not seem to
have a strong impact on the generated SOAP note contents. Though the notes did seem
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to contain more correct (and fewer incorrect) inferences about child speech quality, the
language was vague, failing to specify the child’s performance in the manner an SLP would
typically report. Further testing with more examples and more comprehensive speech
analysis could perhaps improve these results.

Variation Clear Complete Concise Relevant Organized Accurate
Round 4 5 3 5 3 3 3
Average Score 4 2 4 3 3 3
Set of Scores 4 2 3 2 3 2

Table 6.1: Scores for generated SOAP notes by speech quality score variation compared to
Round 4 generation. The highest mean score for each rubric category is in bold.
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Chapter 7

Conclusions

7.1 Summary

In this thesis, the implementation of AI documentation tools for pediatric SLP workflows
was analyzed. First, issues with existing solutions were explored through interviews with
the SLPs who had participated in KidsAbility’s AutoScribe pilot to better understand
how the tool fit with their workflows and behaved during their appointments. The issues
were categorized into those primarily affecting the transcription phase of the system and
those affecting the documentation generation phase. Potential approaches to help mitigate
these shortcomings were then proposed for each phase. For transcription, this included the
addition of speaker labels for utterances, the phonetic transcription of child speech, and
a more accurate and complete transcript (as the AutoScribe transcript missed significant
detail) were suggested. For note generation, the model input would be tailored to include
SLP-specific context, such as example SLP SOAP notes and terminology, to better inform
the SOAP note.

10 sample SLP appointments that had struggled during the AutoScribe pilot were
identified, and key pieces of data were gathered for each: AutoScribe audio file, transcript,
generated note, and final AlayaCare note. Ground truth transcriptions were created for
the appointments. Datasets of SLP-specific context were curated with the assistance of
KidsAbility’s SLPs. A transcription pipeline based on WhisperX was tested, however, the
results did not yield any notable improvements over the AutoScribe transcript, and so the
note generation was tested with the AutoScribe and ground truth transcripts rather than
those from the custom transcription pipeline. Several rounds of SLP SOAP notes were
generated for the 10 appointments, with SLPs evaluating their quality. Adjustments were
made to the model settings and input context based on the feedback from the clinicians.

As issues with the model failing to capture meaningful information for speech therapies
had been raised by the clinicians, additional work was done to quantitatively analyze child
speech quality for sounds targeted during therapy sessions such that this information could
be conveyed to the model during SOAP note generation. This was done by isolating speech
practice segments in one of the sample appointments and assigning labels of quality (based
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on SLP review), generating the mel-spectrograms of the target sound for each segment,
and extracting the activations of a phoneme recognition model for each input. These were
mapped to a quality score with a regression model, and these scores were fed as input to
the model when generating a SOAP note for the appointment. The notes generated with
additional information seemed to make appropriate though general speech statements.

In general, the SOAP notes seemed to improve in quality when given appropriate
context. The ability of the model to capture the relevant details of an appointment seemed
to vary significantly for different types of appointments, with those that had more direct
conversation and less play-based therapy or direct speech practice producing higher quality
notes. This thesis has demonstrated that phoneme model activations and mel-spectrogram
speaker distances show promise as ways of quantitatively assessing speech production.
They also have potential to serve as an additional model input for improving reports on
speech therapy sessions.

7.2 Limitations

One of the major limiting factors of this work was the availability of clinicians. Their
expertise was invaluable for helping curate the SLP-specific context for model inputs as
well as evaluating generated SOAP notes. However, their time did not allow for ranking
of all versions of SOAP note outputs. This meant that the research team reviewed some
of the output rounds to determine noticeable impacts of variation on note quality that did
not rely on clinical expertise, such as repetition of lines or information stolen from example
notes, or on direct comparison with the matching AlayaCare SOAP note.

The evaluation of SOAP notes can also be a subjective task, with the value placed on
different rubric categories and what meets the criteria for different scores varying between
clinicians. Due to this, ratings may not be representative of all SLPs for all categories.

A limitation of applying ASR-based documentation aids to this task is that they are
completely reliant on verbally communicated information. This means that, in lieu of
additional information sources, the model will always fail to capture unstated observations,
which was a common complaint from SLPs.

Another limitation was the small sample size of appointments. This was largely con-
strained by the appointments carried out by SLPs participating in the pilot, though an-
other contributing factor was the labour intensive work of adding new samples. The process
to create ground truth transcriptions was tedious and time consuming, and significantly
increasing the sample pool would have added considerable time to the overall project.
However, having additional sample appointments could have allowed for more robust con-
clusions to be drawn from the results, particularly if there was better representation from
each appointment type.

The quality of the audio files from these sample appointments was also a limitation
that complicated both manual and ASR-based transcription. Lower quality and station-
ary microphones were used (typically built-in laptop microphones), with high amounts of
background noise present and soft speaker voices.
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7.3 Future Work

This partnership with KidsAbility to improve clinicians’ experiences with Al scribes will
continue. Next steps will be to continue optimizing the SLP specific system to produce
progress notes, building on the current prototype. There may be further iterations on
instructions and hyperparameters for SOAP generation, along with further experiments
in multi-step reasoning approaches. Post-processing or prompting to address systematic
errors may also be explored, such as duplicate lines or removing lines repeated from the
template. Ongoing work will also focus on teaching the LLM to accurately interpret child
phonemes during SLP encounters, beginning with the development of more examples and
instructions.

Additional work may be done to improve transcriptions and more concretely test the
impact of transcription quality (e.g. missing details, importance of speaker diarization,
pre-processing of audio file). Improving automated transcription quality could also lead to
creation of a larger testing set and/or training set.

For SOAP notes generated with a task example, the model would steal information from
the task example SOAP note. Though this often resulted in a decrease in note content
ratings for the generated SOAP notes, in the few cases where the visits were very closely
related (i.e. sequential visits for the same client), the impact of this was actually positive
for evaluations of note content quality. These linked sessions may be able to provide highly
relevant context to the model, such as previous goals a client has completed or is working
towards that may not be restated in the transcript. KidsAbility has shown interest in
linking an LLM to a client’s record, such that the model would have access to previous
assessments and progress reports for a client. This would be valuable for understanding
progress towards goals and providing a baseline of a client’s status. This work may also
be expanded both to other therapy disciplines within KidsAbility as well as to generation
of other forms of clinical documentation and reporting (e.g. emails, referrals).
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