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Abstract

This thesis explores the integration of artificial intelligence (AI) into clinical documen-
tation, focusing on evaluating AI-generated SOAP (Subjective, Objective, Assessment,
and Plan) notes in pediatric rehabilitation settings. AI-powered tools, such as Microsoft’s
Copilot and the University of Waterloo-developed KAUWbot, offer potential efficiencies
by automating aspects of clinical documentation. However, their quality, reliability, and
applicability to clinical practice have remained largely unexamined.

The research aims to assess and compare the quality of human-authored SOAP notes
and AI-generated notes across five key criteria: clarity, completeness, conciseness, rel-
evance, and organization. A dataset of 432 SOAP notes, divided into four pools, was
evaluated using a custom rubric. The pools included human-authored notes, Copilot-
generated notes edited by occupational therapists, unedited KAUWbot-generated notes,
and KAUWbot-generated notes edited by occupational therapists. A rigorous anonymiza-
tion process ensured evaluator impartiality.

Findings indicate that AI-generated notes, particularly when edited by clinicians, achieve
comparable or superior quality to human-authored notes. After editing, notes generated by
KAUWbot, a model fine-tuned on pediatric occupational therapy data, exhibited notable
improvements in relevance and organization. Statistical analyses demonstrated some differ-
ences among note pools, with edited AI-generated notes consistently receiving the highest
ratings. This highlights the importance of human oversight in enhancing AI output and
tailoring it to specific clinical needs.

The research shows the potential of AI to augment clinical documentation processes,
reduce clinician workload, and improve documentation quality. However, it also empha-
sizes the necessity of human-AI collaboration and robust training to mitigate limitations
such as contextual inaccuracies and misclassifications. These findings provide a founda-
tion for future research and practical recommendations for integrating AI into healthcare
documentation workflows.
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Chapter 1

Introduction

Artificial intelligence (AI), when integrated into healthcare, can transform various aspects
of clinical practice, including diagnostics, treatment planning, and administrative tasks
[3]. One emerging application is the automation of clinical documentation through AI-
generated SOAP (Subjective, Objective, Assessment, and Plan) notes. These structured
notes are essential for tracking patient progress, facilitating communication among health-
care providers, and supporting legal and billing requirements [7, 19]. In pediatric rehabil-
itation settings, documentation demands are particularly high due to the complexity and
individualization of treatment plans [81, 89]. AI-powered tools like Microsoft’s Copilot and
KAUWbot (a custom AI tool developed through the collaboration between the KidsAbility
Centre for Child Development and the University of Waterloo to generate pediatric rehabil-
itation SOAP notes) can simplify these processes, reducing clinician workload and allowing
more time for direct patient care [39]. However, concerns remain about AI-generated notes’
quality, reliability, and clinical utility [5]. This research evaluates these aspects, focusing
on pediatric rehabilitation SOAP notes, to determine whether AI tools can meet or exceed
current documentation standards.

Despite AI’s potential to revolutionize clinical documentation, the quality of AI-generated
SOAP notes in pediatric rehabilitation remains uncertain [5]. Rigorous evaluation is es-
sential to ensure these tools meet established quality standards. Without such evaluation,
adopting these technologies may introduce risks to clinical accuracy, patient safety, and
continuity of care [2].

This research addresses two key questions: First, how does the quality of AI-generated
pediatric rehabilitation SOAP notes compare to human-authored notes in terms of clarity,
completeness, conciseness, relevance, and organization? Based on this research’s five cus-
tom quality criteria, this question evaluates whether AI-generated notes meet or exceed
established clinical documentation standards. The second question asks to what extent
human editing is necessary and how much human editing is required for SOAP notes
generated by different AI tools. This question examines the extent of human interven-
tion required for AI-generated notes to reach acceptable quality standards, comparing the
performance of Copilot and KAUWbot.

The research objectives are to compare the quality of human-authored SOAP notes with
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AI-generated SOAP notes, evaluate the necessity and amount of human editing required
to achieve acceptable quality SOAP notes, and provide insights into the potential benefits
and limitations of using AI in clinical documentation. This research offers valuable insights
into the practical application of AI in clinical documentation. By assessing the quality
and required human editing of AI-generated SOAP notes, the research provides evidence-
based recommendations for healthcare institutions considering adopting such technologies.
Understanding how different AI models perform could guide investment decisions and
inform best practices for integrating AI into clinical workflows. The findings could also
contribute to broader discussions on AI ethics, data quality, and clinician-AI collaboration,
promoting more effective and safe healthcare documentation systems.

This thesis is structured into six chapters. Chapter 1 introduces the study by present-
ing the context, problem statement, research questions, objectives, and significance of the
research. Chapter 2 delves into a detailed review of the relevant literature, focusing on
AI’s role in clinical documentation, particularly on AI-generated SOAP notes and their
implications in pediatric rehabilitation. Chapter 3 outlines the research methodology, de-
scribing the processes involved in data collection, anonymization, and evaluation. Chapter
4 presents the results and analysis, showcasing key findings from the rubric-based evalua-
tions and statistical tests, including ANOVA analysis. Chapter 5 discusses the implications
of these findings, contextualizing them within the broader literature and highlighting the
strengths, limitations, and potential applications of AI in pediatric clinical documentation;
proposing practice recommendations, and identifying areas for future research. Chapter 6
concludes the thesis by summarizing the key contributions.
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Chapter 2

Background

This chapter provides a review of the literature relevant to clinical documentation in oc-
cupational therapy (OT) and the role of AI in enhancing documentation quality. It begins
with an overview of clinical documentation practices, specifically focusing on the use of
SOAP notes in OT. Next, it examines the integration of AI in clinical documentation, in-
cluding an overview of Microsoft Copilot as a general-purpose large language model (LLM)
and the role of KAUWbot in supporting pediatric rehabilitation documentation. Addition-
ally, this chapter explores existing methods for evaluating clinical documentation quality
and discusses the dynamics of human-AI collaboration in clinical documentation.

2.1 Clinical Documentation and SOAP Notes in Oc-

cupational Therapy

Clinical documentation is a cornerstone of OT practice, serving multiple purposes including
patient care, reimbursement, research, and professional development [19]. A significant
portion of this documentation involves the creation of SOAP notes, a structured method
for recording client information. This section describes pediatric occupational therapy and
examines the role of clinical documentation, particularly SOAP notes, within OT, exploring
their structure, applications, limitations, and evolving alternatives.

2.1.1 Pediatric Occupational Therapy

Pediatric occupational therapy is a specialized area of practice focused on enhancing the
participation and well-being of children and youth with diverse developmental needs [88,
1, 100]. It is a client-centered approach that emphasizes the child’s unique abilities and
challenges within their natural environment [52, 32]. Unlike some misconceptions that
limit intervention to a single approach like Ayres Sensory Integration [88], pediatric OT
adopts a multifaceted strategy, incorporating various evidence-based methods to address
the whole child across varied contexts [88, 1]. This comprehensive understanding considers

3



the child’s physical, cognitive, social-emotional, and sensory-motor skills within their family
and community settings [22, 76, 87]. The goal is to improve the child’s ability to engage
in meaningful occupations – activities that are essential to their daily lives and personal
fulfillment [100, 63, 44].

2.1.2 The Importance of Clinical Documentation in Occupational
Therapy

Effective clinical documentation is crucial for several reasons. Firstly, it comprehensively
records the patient’s history, assessment findings, intervention plans, and progress [7]. This
detailed record is essential for ongoing care, facilitating communication between health-
care professionals and ensuring continuity of treatment. Secondly, comprehensive assess-
ments, detailed in the documentation, allow occupational therapists (OTs) to identify
client strengths and weaknesses, establish goals, and tailor interventions to meet individ-
ual needs. The ongoing documentation of client progress allows for modifications to the
treatment plan, ensuring its ongoing relevance and effectiveness [28, 105]. Furthermore,
clinical documentation is a valuable resource for research, enabling the analysis of treat-
ment outcomes and the development of evidence-based practices [46]. Finally, comprehen-
sive and accurate documentation provides crucial legal protection for OT practitioners [4].
It serves as a defense against potential malpractice claims by providing a clear record of
the assessment, treatment, and progress of each client [4].

The importance of documentation is emphasized by the fact that it is learned as a skill,
requiring both instruction and practice [19]. Several resources exist to aid in the develop-
ment of these documentation skills, ranging from textbooks offering templates and practice
worksheets [19, 49] to instructor manuals with additional assignments and supplementary
videos [49].

2.1.3 SOAP Notes: Structure and Application

The SOAP note format, an acronym for Subjective, Objective, Assessment, and Plan, is a
widely adopted method for documenting client interactions in OT [49, 7].

Subjective (S):

This section captures the client’s self-reported information, including their feelings, percep-
tions, and concerns regarding their occupational performance [49]. It is crucial to document
the client’s perspective accurately, reflecting their lived experience and understanding of
their challenges [31]. The subjective section is vital for person-centered care, ensuring the
client’s voice is central to the treatment process [31]. However, difficulties in accurately
capturing a child’s self-reported symptoms due to age-related communication limitations
[24], the need to rely heavily on caregiver input [93], and interpreting non-verbal cues [21]
are some challenges for this section in pediatric rehabilitation.
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Objective (O):

The objective section presents measurable and observable data obtained during the OT
session [49]. This includes quantitative data such as range of motion, strength measure-
ments, or time taken to complete a task, as well as qualitative observations of the client’s
performance and behaviours [7]. The objective section must be detailed and specific, avoid-
ing vague or subjective descriptions. The use of standardized assessment tools can enhance
the reliability and validity of objective data [68].

Assessment (A):

The assessment section integrates the subjective and objective information to form a clinical
interpretation of the client’s status [49]. It analyzes the client’s strengths and weaknesses,
identifies contributing factors to their difficulties, and determines the overall impact of their
occupational challenges on their daily life [49]. The assessment section should be concise
yet thorough, clearly articulating the therapist’s professional judgment and rationale for
treatment decisions [49].

Plan (P):

The plan section outlines the proposed intervention strategies for the next session or treat-
ment period [49]. It should specify the goals, techniques, and expected outcomes, aligning
with the assessment and the client’s individual needs [7]. The plan should be flexible
and adaptable, allowing for modifications based on the client’s progress and response to
intervention [7].

2.1.4 Limitations and Alternatives to SOAP Notes

While SOAP notes have been a mainstay of OT documentation, they are not without
limitations. The primary criticism centres on the potential for brevity and lack of context,
which can hinder the comprehensive understanding of the client’s situation [15]. The
focus on discrete sections can lead to fragmented information and a loss of the holistic
perspective inherent in OT practice. The subjective section is important but does not
always fully represent the client’s experience, which can lead to misinterpretations. Some
researchers have suggested that the SOAP note format’s emphasis on physical skills in
self-care tasks can overshadow the unique philosophies and approaches central to OT [15].

In response to these limitations, alternative documentation methods are being explored
and implemented. The shift towards person-centered care has highlighted the need for more
narrative and holistic approaches [31]. These approaches focus on the client’s story and
lived experience, offering a deeper understanding of their occupational performance. Fur-
thermore, the incorporation of the International Classification of Functioning, Disability,
and Health (ICF) framework into documentation has become increasingly prevalent, offer-
ing a standardized and comprehensive language for describing functional limitations and
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their impact on participation [15]. The ICF provides a common language for profession-
als across various disciplines, enhancing interprofessional communication and collaboration
[7]. The use of consult notes, a more succinct documentation style, is being explored as a
potential alternative, particularly in settings like pharmacy where efficiency is important
[18].

2.1.5 Evolving Trends in Clinical Documentation

Several trends are shaping the future of clinical documentation in OT. The increasing use
of electronic health records (EHRs) is transforming how information is stored, accessed,
and shared [97, 7]. EHRs offer the potential for improved efficiency, reduced errors, and
enhanced communication among healthcare professionals. However, the implementation
of EHRs also presents challenges, including the potential for “note bloat” and the need for
effective strategies to manage and analyze the large volumes of data generated [97, 45].
The development of novel note templates, designed to simplify information and reduce
unnecessary detail, is one approach to address this issue [45]. Nonetheless, over-reliance on
templates may lead to the exclusion of pertinent patient details not covered by the tem-
plate’s structure, potentially compromising patient care [109]. The convenience of copying
and pasting template text can result in outdated or incorrect information being carried
forward, especially if records are not carefully updated during each patient encounter [33].

Another important trend is the growing emphasis on data-driven decision-making and
outcome measurement [64, 68]. The use of standardized assessment tools and outcome
measures allows for the systematic evaluation of treatment effectiveness and the identifica-
tion of areas for improvement. This data-driven approach is crucial for ensuring that OT
interventions are evidence-based and effective in achieving desired outcomes [46].

The integration of technology, such as virtual reality (VR) and telehealth, is also im-
pacting clinical documentation. VR-based interventions, for instance, require specific doc-
umentation of the client’s experience and progress within the virtual environment [85].
Similarly, telehealth sessions necessitate documentation of remote interactions, technical
challenges, and adaptations to the therapeutic process. The development of standardized
methods for documenting these innovative approaches is an ongoing area of development
[85].

The focus on person-centered care continues to influence documentation practices, em-
phasizing the importance of recording the client’s voice and perspective [31]. This requires
therapists to be skilled in eliciting and documenting subjective experiences, ensuring that
the client’s goals and values are central to the treatment process. The use of collaborative
documentation methods, involving the client and family in the process, can further enhance
person-centered care [31].

Finally, the legal and ethical considerations surrounding clinical documentation remain
crucial [7]. Therapists must adhere to strict confidentiality guidelines, ensuring the pro-
tection of sensitive client information [7]. Accurate and thorough documentation is also
essential for avoiding legal action and demonstrating compliance with regulatory standards.
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This requires a strong understanding of relevant laws and ethical principles, including those
related to record retention and data security [7].

2.2 Artificial Intelligence in Clinical Documentation

The increasing volume and complexity of clinical documentation pose significant challenges
to healthcare professionals. Clinician burnout, stemming from excessive administrative
burdens [81, 89], is a major concern. Maintaining accurate and comprehensive patient
records is key for effective communication, continuity of care, and overall patient safety [14,
10]. AI, and particularly LLMs and natural language processing (NLP) techniques, offers
potential solutions to simplify clinical documentation, improve its quality, and alleviate
the burden on healthcare providers [27, 75]. This section examines the current state of AI
applications in clinical documentation, exploring both the promises and challenges of this
rapidly evolving field.

2.2.1 Ambient AI Scribes: Real-time Transcription and Summa-
rization

Ambient AI scribes utilize automatic speech recognition (ASR) and NLP to transcribe and
summarize doctor-patient conversations in real-time [70]. These systems aim to eliminate
manual note-taking, freeing clinicians to focus on patient interaction. One example is Sporo
Health’s AI scribe, a multi-agent system leveraging fine-tuned medical LLMs [70], which
has demonstrated superior performance compared to GPT-4o Mini in terms of clinical
content recall, precision, and F1 scores [70]. However, challenges remain, including ensuring
accuracy in handling complex medical language and maintaining patient data privacy [70].
The impact of non-lexical conversational sounds (NLCS), such as ”mm-hm” and ”uh-huh,”
on ASR performance also requires further investigation [110]. Furthermore, the successful
implementation of ambient AI scribes is contingent upon factors like flexible integration
into existing workflows, support for clinician sensemaking, and the ability to experiment
with the AI [17].

2.2.2 Large Language Models: Drafting and Generating Notes

LLMs like ChatGPT and GPT-4 are increasingly being used to generate drafts of clini-
cal notes, discharge summaries, and other documentation [82, 69, 14, 95]. These models
can process large amounts of text data and generate coherent, grammatically correct text
within seconds [82]. A commentary from a clinical and research perspective highlights the
benefits and pitfalls of implementing AI-driven models for the creation and management
of healthcare progress notes [82]. Researchers have successfully used prompt engineering
techniques to generate notes in various contexts, such as chronic pain assessments and psy-
chiatric evaluations [82]. However, concerns remain regarding the accuracy and reliability
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of LLM-generated content, which is heavily dependent on the quality of input data and
the effectiveness of prompting [82].

The potential for inherent biases in the models trained on internet data needs to be
carefully addressed [82, 99]. A study comparing Sporo AI Scribe and GPT-4o Mini found
that Sporo AI consistently outperformed GPT-4o Mini across several performance met-
rics [70], highlighting the importance of fine-tuning and specialized medical LLMs. The
use of LLMs for drafting responses to patient messages is also being explored [99], with
some studies suggesting potential improvements in efficiency and patient education [27].
However, concerns persist about the risk of harm from unedited AI-generated responses
[27].

2.2.3 AI-Enhanced Electronic Health Record Systems: Integrated
Solutions

Several AI-powered tools are being integrated directly into EHR systems to enhance doc-
umentation workflows [90, 74]. These tools may automate data entry, suggest relevant
codes, or provide other forms of clinical decision support [47]. A non-randomized clinical
trial investigated the EHR experiences of clinicians before and after the implementation
of an AI-powered clinical documentation tool [74]. However, the integration of AI into
EHRs presents challenges related to interoperability, data security, and the need for ro-
bust validation and control processes [82]. The successful use of AI within EHRs requires
AI-capable organizations with the necessary internal and external systems [84].

2.2.4 Specialized Tools: Addressing Specific Needs

Beyond general-purpose documentation tools, AI is also being applied to address specific
needs in various medical subspecialties. For instance, in hepatology, AI algorithms are be-
ing implemented for liver imaging interpretation, histopathology analysis, and non-invasive
test interpretation [92]. In radiology, AI-powered tools are being developed for the detec-
tion of polyps during colonoscopy [38] and the automated assessment of body composition
from CT images [16]. In emergency medicine, AI is being explored for automated triage,
diagnostic support, and predictive analytics [71, 29, 96]. The application of AI in den-
tal radiology is also being investigated for generating reports from panoramic radiographs
[101].

2.2.5 Benefits of AI in Clinical Documentation

AI is transforming clinical documentation by making the process more efficient and freeing
up valuable time for healthcare providers. Tasks like transcription, data entry, and report
generation, which are often tedious and time-consuming, can now be automated [14, 81].
This allows clinicians to focus more on their patients, increasing productivity and reducing
the likelihood of burnout [14]. Beyond saving time, AI also improves the accuracy and
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completeness of documentation by catching inconsistencies, flagging issues, and ensuring
nothing important gets overlooked [89, 70].

Several experiments have demonstrated the impact of AI in improving communication,
documentation efficiency, and cost savings in healthcare settings. AI-generated reports and
summaries enhance coordination among healthcare providers by ensuring all team members
can access clear, standardized information [10, 56]. The findings suggest that AI-driven
documentation reduces ambiguity and improves collaboration, ultimately leading to better
patient outcomes [10, 56]. Similarly, AI’s role in simplifying teamwork within clinical
environments shows that structured and consistent documentation facilitates smoother
decision-making processes [14, 27].

In addition to communication improvements, AI’s potential for cost reduction in health-
care documentation highlights that AI minimizes the need for manual data entry, allowing
clinicians to dedicate more time to patient care [81, 11]. By automating routine documen-
tation tasks, AI improves efficiency and reduces administrative burdens and associated
costs for healthcare organizations [81, 11].

2.2.6 Challenges and Limitations of AI in Clinical Documenta-
tion

AI-powered clinical documentation tools present a range of challenges that must be ad-
dressed to ensure their effective and ethical use in healthcare. One key concern is accuracy
and reliability, as AI systems, particularly LLMs, can sometimes produce inaccurate or in-
complete information [10]. Another challenge involves bias and fairness. Since AI systems
are trained on datasets that may contain biases, there is a risk of perpetuating unfair or
discriminatory outcomes, particularly for marginalized patient populations [8, 80]. The use
of race-based algorithms in medicine, for example, has been shown to perpetuate health in-
equities [25], highlighting the need for a race-conscious approach that prioritizes addressing
systemic racism rather than relying on race as a proxy for biological differences [25].

Privacy and security are also major concerns. Clinical data is highly sensitive, and any
breaches could result in significant legal, public relations, and ethical ramifications [81].
The lack of explainability and transparency in some AI systems, particularly those based
on deep learning, raises trust issues. These systems often operate as “black boxes,” making
it difficult to understand how decisions are made or to identify errors [8, 20]. Integrating
AI tools into existing EHR systems also poses technical challenges, as differences in ar-
chitectures and data formats can complicate seamless integration [30]. A notable incident
occurred in 2017 when DeepMind, a Google-owned company, was found to have not com-
plied with UK data protection laws during its partnership with the UK’s National Health
Service (NHS) [61]. The Information Commissioner’s Office determined that patients were
not adequately informed about how their data was being utilized, leading to concerns over
unauthorized access and potential misuse of sensitive health information [61]. In another
case, Babylon Health, a digital health service provider, experienced a data breach in June
2020 where patients were inadvertently given access to video recordings of other patients’
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consultations [59]. This breach highlighted vulnerabilities in AI-driven telehealth platforms
and raised questions about the adequacy of their security measures.

Clinicians may be reluctant to adopt AI-driven tools if they have concerns about their
accuracy, reliability, or usability. Providing adequate training and support is needed for
promoting user acceptance [94]. The legal and ethical implications of using AI in clinical
documentation, such as liability for errors, data ownership, and informed consent, remain
unresolved. Clear guidelines and regulations are needed to address these issues [34, 72].

2.3 Overview of Microsoft Copilot as a General-Purpose

LLM

Microsoft Copilot’s primary function was to provide real-time code suggestions and com-
pletions within integrated development environments (IDEs) [106]. Trained on a massive
dataset of publicly available code, it could generate code snippets, entire functions, and
even complete programs based on natural language descriptions or partial code input [37].
This functionality significantly boosted developer productivity by automating repetitive
coding tasks and suggesting optimal solutions [43].

Beyond code generation, Copilot’s LLM capabilities have been extended to other tasks.
For instance, it can now generate documentation, translate code between programming
languages, and assist with debugging [106]. This broader functionality illustrates its po-
tential as a more general-purpose tool within the software development lifecycle [66]. In
healthcare, for example, Copilot has shown promise in answering frequently asked questions
related to breast imaging, demonstrating potential improvements in health literacy and pa-
tient engagement [108]. However, studies also note variations in accuracy and readability
across different LLMs, including Copilot, highlighting the need for ongoing evaluation and
refinement [108]. Similarly, in the biomedical field, the BioSignal Copilot uses LLMs to
draft reports for biomedical signals, addressing the gap in applying LLMs to time-series
data [73].

In other sectors, research explores the use of Copilot for tasks such as generating
PLC/DCS control logic [67], assisting with model-driven tasks using UML [23], and even
enhancing the design of future vehicles through the integration of Retrieval-Augmented
Generation (RAG) [115]. These diverse applications show the versatility of Copilot’s LLM
foundation, making it adaptable to various contexts and problem-solving scenarios. The
integration of LLMs with RAG, as explored in the automotive industry, promises improved
accuracy and contextual awareness in automated design and software development [115].

The educational sector has also witnessed the integration of Copilot, with studies ex-
amining its impact on student learning outcomes [55, 57]. While Copilot can be a valuable
tool for knowledge discovery and assistance [57], concerns exist regarding over-reliance and
potential negative impacts on independent problem-solving skills [55]. The findings high-
light the importance of responsible integration and the need for educators to guide students
in the ethical and effective use of such tools [55].
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2.4 The Role of KAUWbot in Pediatric Rehabilita-

tion Documentation

This section provides an overview of the development and evaluation of KAUWbot. It be-
gins with a description of KidsAbility Centre for Child Development, the clinical setting in
which KAUWbot was conceptualized. The subsequent subsections outline the KAUWbot
concept, the processes involved in data acquisition, processing, and model training, and
findings from a pilot study assessing its effectiveness. This section serves as a summary
of the master’s thesis, Creation of a Custom Language Model for Pediatric Occupational
Therapy Documentation [39], which details the research and development efforts behind
KAUWbot.

2.4.1 About KidsAbility Centre for Child Development

KidsAbility Centre for Child Development is a pediatric rehabilitation organization serving
over 17,000 children and youth annually in the Waterloo and Wellington regions of Ontario,
Canada [62]. Established in 1957 by local Rotarians, it has expanded to multiple locations,
including Waterloo, Kitchener, Guelph, Fergus, and Mount Forest, to enhance accessibility
for families. The Centre offers a range of services, such as occupational therapy, speech-
language therapy, physiotherapy, social work, and autism and behavior supports, all aimed
at helping clients achieve milestones in communication, social, physical, and behavioral
development [62]. Emphasizing early, family-centered interventions, KidsAbility supports
children from birth to age 21, guiding them toward realizing their full potential [62].

2.4.2 The KAUWbot Concept

Recent advances in LLMs have shown potential for automating various tasks in healthcare,
including clinical documentation. KidsAbility’s research and innovation team recognized
the potential of LLMs to address their documentation challenges [39]. Initial explorations
with ChatGPT yielded promising results [39], but concerns regarding data privacy and
security, given the proprietary nature of ChatGPT and the potential for exposure of per-
sonal health information (PHI), led to the decision to develop a custom model. This
custom model, KAUWbot, would be trained on KidsAbility’s data, ensuring both privacy
and better alignment with the specific terminology and style preferences of its clinicians
[39].

2.4.3 KAUWbot Development: Data Acquisition, Processing,
and Model Training

The development of KAUWbot involved several key stages: data acquisition, data process-
ing, and model training. KidsAbility provided two datasets of historical progress notes in
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SOAP format. These notes contained incidental PHI, primarily first names and ages, which
needed to be removed to ensure patient privacy. Amazon Web Services Comprehend was
utilized for automated redaction, although manual review was necessary to ensure complete
removal of PHI. The processed datasets, containing thousands of redacted SOAP notes,
formed the basis for KAUWbot’s training [39].

Because the initial datasets lacked corresponding scratch notes (the point-form notes
taken during therapy sessions), a synthetic dataset of scratch notes was generated us-
ing the Llama 2 70B Chat model. A human-in-the-loop evaluation process, involving
KidsAbility clinicians using a rubric to assess the quality of the generated scratch notes,
was implemented to refine the generation procedure. This iterative process ensured that
the synthetic scratch notes were realistic and representative of actual clinician notes. The
generated scratch notes were then paired with the corresponding historical SOAP notes to
create a training dataset for KAUWbot [39].

Several training techniques were explored, including domain-adaptive pre-training (DAPT)
and low-rank adaptation (LoRA) fine-tuning. The Meta Llama models, specifically the
smaller models (7-8 billion parameters), were chosen for their accessibility and proficiency
in NLP tasks. Different Llama models underwent various training paradigms, and the
best-performing model, a Llama 3 8B Instruct model fine-tuned on the progress notes and
generated scratch notes, was selected for the pilot study. The choice of smaller, open-source
models also addressed concerns about computational resources and the environmental im-
pact of training large proprietary models. The use of open-source models allowed for
hosting on KidsAbility’s private servers, mitigating data privacy risks [39].

2.4.4 KAUWbot Pilot Study

A pilot study was conducted at KidsAbility to evaluate KAUWbot’s effectiveness in re-
ducing documentation time. Ten occupational therapy clinicians participated, using both
Microsoft Copilot and KAUWbot to write progress notes over three-week periods. The
study included qualitative and quantitative data collection methods. Qualitative data was
gathered through clinician feedback, which provided valuable insights into usability and
areas for improvement. Quantitative data included ROUGE scores to compare the similar-
ity between edited and unedited notes generated by KAUWbot, and timing data to assess
the impact on documentation time [39].

The time savings achieved with KAUWbot varied significantly among clinicians. This
variability was largely attributed to differences in how clinicians used the model and the
detail level of their scratch notes. Clinicians who provided sparser scratch notes experienced
greater efficiency and ease in generating final SOAP notes. The importance of clinician
training on effective usage of the model was highlighted, with coaching leading to significant
time reductions for some clinicians. This training focused on providing concise scratch
notes and effectively utilizing the model’s capabilities to generate a first draft that requires
minimal editing [39].

Following the development and implementation of KAUWbot, clinicians at KidsAbility
were able to generate SOAP notes in less time than those who documented without the AI
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system. While this represents a significant advancement in workflow efficiency, it remains
unclear whether the SOAP notes produced by KAUWbot meet acceptable clinical quality
standards [5].

2.5 Evaluation of Clinical Documentation Quality

High-quality clinical documentation is paramount to effective healthcare delivery. It facili-
tates clear communication among healthcare professionals, ensures patient safety, supports
accurate coding and billing, and provides crucial data for research and quality improvement
initiatives [112, 9, 51]. Achieving and maintaining high-quality documentation presents sig-
nificant challenges across various healthcare settings. This section systematically examines
the current state of clinical documentation quality, exploring diverse methodologies for
assessment, identifying key challenges, and evaluating strategies for improvement.

2.5.1 Methods for Assessing Clinical Documentation Quality

The assessment of clinical documentation quality employs a variety of approaches, ranging
from simple checklist-based audits to sophisticated NLP techniques [13, 35, 113]. Studies
often focus on specific aspects of documentation, such as completeness, accuracy, readabil-
ity, and adherence to established guidelines [50, 48, 79].

Checklist-Based Audits

Many studies use checklists to evaluate the presence or absence of specific data elements
within medical records [113, 79]. These checklists can be tailored to specific specialties or
clinical contexts, focusing on key aspects of documentation relevant to patient care, coding,
or legal requirements [79]. While straightforward to implement, checklist-based audits may
not fully capture the complexities of clinical language or the overall quality of narrative
descriptions [40].

Quantitative Analysis

Quantitative methods, such as calculating the percentage of completed items on a checklist
or measuring the length of documentation, provide objective measures of documentation
quality [35, 113, 79]. These approaches are useful for tracking progress over time and
comparing documentation quality across different units or specialties [58, 42]. However,
quantitative measures alone may not fully capture the qualitative aspects of documenta-
tion, such as clarity and organization [40].
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Qualitative Analysis

Qualitative analysis involves examining the content of medical records to assess clarity,
organization, and the presence of essential clinical information [40, 13]. This approach
can provide valuable insights into the reasons for poor documentation quality and identify
areas for improvement that quantitative methods might miss [40]. However, qualitative
analysis is more time-consuming and subjective than quantitative methods [13].

Natural Language Processing Techniques

NLP techniques are increasingly being used to analyze unstructured clinical text data,
providing more sophisticated methods for assessing documentation quality [13, 14]. These
techniques can identify patterns in language use, detect inconsistencies, and assess the
completeness and accuracy of clinical information [14]. However, NLP approaches can be
complex to implement and require significant computational resources [13]. NLP has been
employed to identify and correct errors in dictated medical documents, thereby improving
their accuracy and reliability [6].

2.5.2 Key Challenges in Achieving High-Quality Clinical Docu-
mentation

Achieving high-quality clinical documentation is essential for effective patient care, yet
several challenges hinder this goal. This section provides an overview of some of the chal-
lenges, such as time constraints, the complexity of medical language, inadequate training,
inefficient system design, and a lack of standardization that contribute to inconsistencies
and errors in documentation.

Time Constraints

Occupational therapists often face significant time pressures, limiting their ability to ded-
icate sufficient time to thorough documentation [98]. This is particularly true in busy
clinical settings where the focus may shift towards immediate patient needs rather than
detailed record-keeping [98].

Complexity of Medical Language

The complexity of medical terminology and the need for precise language can make docu-
mentation challenging [40, 14]. Inconsistent use of terminology can lead to ambiguity and
errors, compromising the quality of clinical information [40].
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Inadequate Training

Many healthcare professionals receive insufficient training in effective clinical documenta-
tion techniques [91]. This lack of training can result in incomplete, inaccurate, or poorly
organized records [91].

System Design and Workflows

The design of EHR systems and clinical workflows can significantly impact documentation
quality [54]. Poorly designed systems or inefficient workflows can hinder efficient and
effective documentation [54].

Lack of Standardization

The absence of standardized documentation practices or templates can lead to inconsis-
tencies in the quality and completeness of clinical information [42, 79]. This lack of stan-
dardization can make it difficult to compare data across different providers or healthcare
settings [42].

2.5.3 Strategies for Improving Clinical Documentation Quality

Strategies such as educational interventions, template-based documentation, and feedback
mechanisms as discussed in this section help standardize documentation practices and
reduce errors.

Educational Interventions

Educational interventions, such as workshops, training sessions, or online modules, can
significantly improve healthcare professionals’ knowledge and skills in documentation [91,
58]. These interventions often focus on specific aspects of documentation, such as the use
of standardized terminology, the importance of accurate recording of clinical findings, and
the implementation of effective documentation techniques [91].

Template-Based Documentation

The use of standardized templates or forms can enhance documentation consistency and
completeness [42, 79]. These templates often include prompts for key data elements, en-
suring that essential clinical information is consistently captured [42].
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Feedback Mechanisms

Providing regular feedback to healthcare professionals on their documentation quality can
promote continuous improvement [58]. This feedback can be provided through chart re-
views, audits, or other mechanisms [58].

Clinical Documentation Improvement (CDI) Programs

CDI programs employ dedicated specialists to work with clinicians to improve documen-
tation quality [104, 51]. These programs typically involve proactive querying of clinicians
to clarify ambiguous or incomplete information [104].

Technology-Based Solutions

Technology-based solutions, such as speech recognition software or AI-powered tools, can
automate aspects of documentation, reducing the time and effort required for record-
keeping [14, 60]. These tools can also help to improve the accuracy and consistency of
documentation [14].

2.6 Human and AI Collaboration in Clinical Docu-

mentation

Human-AI collaboration models aim to use AI’s capabilities alongside human expertise
to enhance the quality and consistency of clinical documentation. Despite these advance-
ments, several challenges and limitations remain. This section explores different models
of human-AI collaboration in clinical documentation and examines the key obstacles that
impact their effectiveness in real-world healthcare settings.

2.6.1 Human-AI Collaboration Models in Clinical Documenta-
tion

Several distinct models of human-AI collaboration in documentation have emerged, each
with its strengths and limitations. One common model is the “helper” model, where AI
acts as a tool to assist human documenters. This is exemplified by the use of Computer
Assisted Coding (CAC) systems by Clinical Documentation Integrity Specialists (CDIS)
[17]. In this scenario, the AI system automates tasks such as code suggestion, freeing up
the human to focus on higher-level tasks requiring judgment and critical thinking. The
CDIS, acting as “Batman,” uses the AI’s “Robin” assistance, recognizing the AI’s inherent
limitations while still appreciating its value [17].

Another model involves a more integrated and symbiotic relationship, where humans
and AI work together to bring out efficient output. This approach is explored in the
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context of primary care consultations [65], where an AI documentation assistant could
record and structure information gathered during the consultation. However, this model
necessitates careful design to maintain professional autonomy, ensure patient safety, and
address medico-legal concerns related to data accessibility [65]. The emphasis remains on
human conversation and empathy as the core of medical practice, with AI serving as a
supportive, rather than a replacement, technology [65].

2.6.2 Challenges and Limitations in Human-AI Collaboration in
Clinical Documentation

Despite the numerous benefits of human-AI collaboration in documentation, several chal-
lenges and limitations need to be addressed. One major concern is the potential for AI
systems to perpetuate or amplify existing biases present in the data on which they are
trained [77]. This can lead to unfair or discriminatory outcomes, particularly in areas such
as healthcare and law enforcement [77]. In the medical field, AI systems might inadver-
tently learn and replicate biases present in historical medical data, potentially leading to
disparities in care [107]. The development of robust methods for detecting and mitigat-
ing bias in AI systems is necessary for ensuring equitable and fair outcomes [107]. Model
cards, which provide detailed information about a model’s performance characteristics and
potential biases, are one approach to increasing transparency and accountability [77].

The integration of AI into existing workflows can be disruptive and require significant
changes in organizational processes and practices [12]. Careful planning and stakeholder
engagement are necessary to ensure a smooth transition and minimize disruption [12].
Concerns about job displacement due to AI automation also need to be addressed through
careful workforce planning and reskilling initiatives [12].

The issue of data quality and availability is also a significant limitation. AI systems
require large amounts of high-quality data for training, and the lack of readily available data
can hinder the development and deployment of AI-powered documentation systems [78].
Data privacy and security are also important considerations, particularly in healthcare and
other sensitive domains [78]. Robust data governance frameworks are needed to ensure the
ethical and responsible use of AI in documentation [78]. The complexity of AI systems can
make it challenging to identify and address errors or malfunctions [36]. Rigorous testing and
validation are essential to ensure the safety and reliability of AI-powered documentation
systems [36].
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Chapter 3

Methodology

This chapter outlines the methodological approach used to assess the quality of SOAP notes
in pediatric rehabilitation. It describes the study population and details the data-collection
process, including the transformation of scratch notes into structured SOAP notes. The
chapter explains the anonymization process implemented to ensure unbiased evaluations,
followed by an overview of the human-editing procedures applied to AI-generated SOAP
notes. The rubric criteria and measurement framework used to evaluate documentation
quality are then presented, along with a description of the evaluation process designed to
ensure consistency and reliability in assessments.

3.1 Study Population

The study population consisted of a comprehensive set of SOAP notes obtained from
the KidsAbility Centre for Child Development, a pediatric occupational therapy clinic in
Ontario. A total of 432 SOAP notes were analyzed, divided into four distinct pools, each
containing 108 notes. The first pool (K) comprised human-authored SOAP notes from
occupational therapists. The second pool (E) consisted of SOAP notes generated using
Copilot, an AI-assisted tool, which an occupational therapist subsequently edited. The
third pool (U) included SOAP notes generated by KAUWbot, an off-the-shelf fine-tuned
LLM developed for KidsAbility, which were left unedited, representing raw AI output. The
fourth pool (T) featured KAUWbot-generated SOAP notes that an occupational therapist
edited.

Table 3.1: The Four SOAP Note Pools and Their Description
Note Pools Number Description
K 108 Human-authored SOAP notes
E 108 Copilot-generated SOAP notes (edited by OTs)
U 108 KAUWbot-generated SOAP notes (unedited)
T 108 KAUWbot-generated SOAP notes (edited by OTs)
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3.2 Data Collection

Rehabilitation in pediatric occupational therapy is inherently subjective, as it revolves
around identifying and addressing the unique functional goals that each child aspires to
achieve but finds challenging [111]. Occupational therapists work collaboratively with
children and their families to develop individualized treatment plans tailored to improve
specific areas of function, such as motor skills, sensory processing, self-care, and social
participation [111].

To support this research, KidsAbility collected 432 SOAP notes from its EHR system.
These notes were prepared between January 2023 and June 2024 to ensure a comprehensive
and representative sample of clinical documentation practices during this period. The
dataset was evenly distributed across the four key pools.

To safeguard patient privacy, all collected SOAP notes underwent rigorous anonymiza-
tion. Personal identifiers, such as names, dates of birth, and addresses, as well as any other
information that could potentially reveal patient identities, were systematically removed
before analysis.

3.3 SOAP Note Anonymization Process

The anonymization of SOAP notes is crucial for maintaining the integrity of the evaluation
process and ensuring evaluators’ unbiased assessments. The anonymization is carried out in
two key steps, each designed to conceal the origin of the notes while allowing for systematic
analysis.

3.3.1 Step 1: Assigning Letters to Each Pool

The anonymization process began by assigning specific letter codes to each pool of SOAP
notes to distinguish their sources while maintaining evaluator blinding. Human-authored
notes were labeled “K,” Copilot AI-generated and OT-edited notes were marked “E,”
unedited KAUWbot-generated notes were assigned “U,” and edited KAUWbot notes were
designated “T.”

3.3.2 Step 2: Assigning Numbers to the Letters

To enhance anonymization, a second layer of randomization was applied by incorporating
numbers into the letter-assigned codes. This process ensured that evaluators could not
infer a note’s source based on the letter alone. Each SOAP note was assigned a unique al-
phanumeric code (e.g., 6N60, N444, 94N3), effectively concealing its origin and maintaining
evaluator blinding.
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Figure 3.1: Sample Prompt for Copilot, Sample Scratch Note and Generated Copilot SOAP
Note [5].

3.4 From Scratch Notes to SOAP Notes

Occupational therapists often rely on the creation of scratch notes as part of their clinical
documentation process [53]. Scratch notes are succinct, bullet-point entries that serve as
quick, informal records of the most relevant aspects of a therapy session. These notes,
typically composed during or immediately after therapy sessions, focus on capturing key
observations, patient responses, therapeutic interventions, and any noteworthy events that
occur during treatment. Given the fast-paced and dynamic nature of clinical environ-
ments, especially in pediatric rehabilitation, these scratch notes are designed to be brief
yet comprehensive enough to ensure that critical details are not overlooked [83].

The primary advantage of scratch notes lies in their ability to be written rapidly with-
out interrupting the flow of therapy, thereby allowing OTs to maintain their focus on
patient interaction while simultaneously documenting essential information [83]. Following
the completion of therapy sessions, OTs in this research transition from these shorthand
scratch notes to more structured and detailed documentation in the form of SOAP notes.
OTs utilize AI-driven systems such as Copilot and KAUWbot (depicted in Figure 3.1) to
facilitate this transition.
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3.5 Human Editing Process of SOAP Notes

The human editing process plays a critical role in ensuring the accuracy, relevance, and
completeness of SOAP notes generated by AI tools such as Copilot and KAUWbot. Fol-
lowing the generation of an initial draft by these AI systems, KidsAbility OTs are tasked
with reviewing the content and verifying its alignment with clinical standards.

During the editing process, OTs scrutinize the content of each section—Subjective,
Objective, Assessment, and Plan—to ensure that the information is correctly interpreted
and organized. The OTs’ primary responsibility is to confirm that the AI has accurately
transcribed patient observations, therapeutic interventions, and clinical assessments. In
cases where the AI has misinterpreted data or introduced inaccuracies, the OTs make the
necessary corrections to maintain the integrity of the clinical record. These corrections
can range from fixing errors in the AI’s understanding of the input data to addressing
misrepresentations of patient responses or therapeutic actions.

A common challenge encountered during the editing process is the improper categoriza-
tion of information within the SOAP note. Although AI tools like Copilot and KAUWbot
are sophisticated in processing and structuring clinical data, they sometimes misplace or
incorrectly assign details. For example, subjective observations—such as a patient’s self-
reported symptoms or feelings—may be mistakenly placed in the objective section, or
assessment findings may be wrongly categorized under the plan. According to previous
studies, such misclassifications are not uncommon in AI-generated clinical documentation
[41].

Beyond correcting factual and structural errors, OTs also personalize the AI-generated
notes to reflect their clinical style and preferences. Each OT has a unique approach to
documenting patient care, shaped by their professional experience, institutional guidelines,
and personal preferences. As such, the editing process often includes reformatting the text,
adjusting the tone, and incorporating specific clinical terminology that the AI might not
have included.

3.6 Rubric Criteria and Measurements

The quality of SOAP notes in this research was evaluated in a blinded manner using a
rubric based on five specific criteria, which were adapted from the Physician Documenta-
tion Quality Instrument (PDQI-9) [102]. The PDQI-9 is a condensed version of the original
Physician Documentation Quality Instrument [103], designed to assess clinical documen-
tation quality across nine key dimensions: completeness, correctness, appropriateness, or-
ganization, clarity, conciseness, comprehensiveness, usefulness, and information synthesis.
These dimensions provide a comprehensive framework for evaluating the effectiveness of
clinical notes, with an emphasis on improving patient care outcomes. This research uses
the PDQI-9 to assess the reliability and consistency of EHR documentation, highlighting
the importance of structured, accurate entries in modern healthcare environments [102].
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While the PDQI-9 offers a thorough evaluation across nine dimensions, the current
research focused on a more custom set of five criteria—Clear, Complete, Concise,
Relevant, and Organized—for several key reasons. These five criteria were selected
because they closely align with the structured nature of SOAP notes, which prioritize
simplicity and clarity to maximize clinical efficiency. SOAP notes are designed to deliver
essential patient information clearly and concisely, enabling healthcare providers to quickly
grasp critical details without unnecessary complexity [86]. The chosen criteria reflect these
priorities and are integral to ensuring effective communication in SOAP-note format.

For instance, clarity ensures that the note is easily understandable by other health-
care professionals, facilitating efficient collaboration and continuity of care. Completeness
ensures that all relevant information is documented without omissions, while relevance
ensures that only pertinent details are included, eliminating unnecessary or extraneous
content. Conciseness emphasizes the importance of brevity, reducing redundancy and en-
hancing the note’s efficiency, while organization ensures that the information flows logically
and adheres to the standardized SOAP structure, promoting ease of use and interpretation.

The evaluation instrument employed in this research assessed these components, each
rated on a three-point Likert scale. A score of one represented low quality, two indicated
moderate quality, and three denoted high quality. The total score achievable for each
SOAP note ranged from a minimum of five to a maximum of 15.

3.7 The Evaluation Process

The quality of SOAP notes generated through both human-only and AI-assisted methods
was assessed by four independent evaluators from KidsAbility, each an experienced clin-
ician. To ensure objectivity and minimize potential bias, the evaluators’ identities were
kept confidential throughout the research. This approach was designed to prevent any ex-
ternal influences from shaping the evaluation outcomes, thereby ensuring the integrity and
reliability of the assessments. Each evaluator reviewed the full set of SOAP notes, meaning
that each note was evaluated four times—once by each of the four clinicians. Given the
total dataset of 432 SOAP notes, drawn from four distinct pools, the study resulted in
1,728 individual evaluations.

Each SOAP note was paired with an evaluation instrument (Figure 3.2) that included
the custom rubric criteria essential to the research. This custom evaluation tool ensured
consistency across all assessments by providing a clear, structured framework for the eval-
uators.
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Figure 3.2: SOAP Note Evaluation Instrument.
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Chapter 4

Results and Analysis

This chapter presents the results and analysis of the study, focusing on the quality assess-
ment of SOAP notes across different pools. First, the mean scores for the four SOAP-note
pools are reported to provide an overview of overall performance. This is followed by
descriptive statistics summarizing the distribution of quality scores. A statistical analysis
using ANOVA is then conducted to compare mean quality scores across the pools and deter-
mine significant differences. Finally, the performance of each SOAP-note pool is evaluated
based on the criteria—clarity, completeness, conciseness, relevance, and organization—to
gain deeper insights into specific areas of strength and limitation.

4.1 Mean Scores for the Four SOAP Note Pools

The average scores shown in Table 4.1 for human-authored SOAP notes (K) reveal notable
differences in clinician scoring. Clinician 2 and Clinician 4 consistently scored higher, par-
ticularly in relevance (2.94) and clarity (2.59 and 2.48, respectively). Clinician 1 scored
highest for conciseness (2.64), while Clinician 4 demonstrated strong performance in com-
pleteness (2.55) and organization (2.40). In contrast, Clinician 3 displayed lower average
scores across all criteria, especially for completeness (1.28) and organization (1.33).

Table 4.1: Human-Authored SOAP Notes (K)
Criterion Clinician 1 Clinician 2 Clinician 3 Clinician 4
Clear 2.60 2.59 1.73 2.48
Complete 2.09 2.27 1.28 2.55
Concise 2.64 2.87 1.73 2.83
Relevant 2.63 2.94 2.28 2.94
Organized 1.96 2.36 1.33 2.40

The data for Copilot-generated SOAP notes (Table 4.2) edited by occupational thera-
pists (E) demonstrates strong performance across clinicians, with consistently high scores
in clarity, completeness, relevance, and organization. Clinician 2 stands out with the
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Figure 4.1: Histogram of Clinician Scoring of Human-Authored SOAP Notes.

highest scores in conciseness (2.81), relevance (2.90), and organization (2.73). Clinician 4
also scored high, particularly in completeness (2.85) and organization (2.76). Clinician 3,
while scoring lower overall, still demonstrated a relatively strong score in relevance (2.53)
compared to other criteria.

Table 4.2: Copilot SOAP Notes - OT edited (E)
Criterion Clinician 1 Clinician 2 Clinician 3 Clinician 4
Clear 2.73 2.76 2.33 2.68
Complete 2.67 2.74 2.25 2.85
Concise 2.16 2.81 2.13 2.47
Relevant 2.82 2.90 2.53 2.75
Organized 2.19 2.73 2.24 2.76

The analysis of unedited KAUWbot SOAP notes (U) in Table 4.3 indicates generally
strong scores in relevance and clarity, with Clinician 2 providing the highest scores in rele-
vance (2.97) and conciseness (2.92). Clinician 1 also provided a high score in clarity (2.76)
and completeness (2.68). In contrast, Clinician 3 consistently scored lower, particularly
in completeness (1.98) and organization (2.23). Organization scores were relatively lower
across all clinicians.

The data for KAUWbot SOAP notes (Table 4.4) edited by occupational therapists (T)
shows strong overall performance, particularly in relevance, where Clinician 2 achieved the
highest score (2.99) across all criteria. Clinician 1 also excelled in clarity (2.85), while Clin-
ician 4 demonstrated solid scores in completeness (2.79) and conciseness (2.69). Clinician
3’s scores were consistently lower, especially in completeness (2.09) and organization (2.31).
Organization scores remained relatively weaker across clinicians. Overall, the OT-edited
KAUWbot notes exhibit notable improvements in clarity, relevance, and completeness.
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Figure 4.2: Histogram of Clinician Scoring of Copilot-Generated SOAP Notes Edited by
OTs.

Figure 4.3: Histogram of Clinician Scoring of KAUWbot-Generated SOAP Notes Unedited.

26



Table 4.3: KAUWbot SOAP Notes - unedited (U)
Criterion Clinician 1 Clinician 2 Clinician 3 Clinician 4
Clear 2.76 2.72 2.15 2.24
Complete 2.68 2.71 1.98 2.71
Concise 2.54 2.92 2.41 2.59
Relevant 2.81 2.97 2.45 2.80
Organized 2.19 2.54 2.23 2.39

Table 4.4: KAUWbot SOAP Notes - OT edited (T)
Criterion Clinician 1 Clinician 2 Clinician 3 Clinician 4
Clear 2.85 2.81 2.32 2.43
Complete 2.69 2.83 2.09 2.79
Concise 2.52 2.90 2.46 2.69
Relevant 2.90 2.99 2.51 2.83
Organized 2.27 2.74 2.31 2.57

4.2 Quality Performance for the Four SOAP-Note Pools

4.2.1 Descriptive Statistics of Quality Scores

The descriptive statistics provided for the evaluators’ quality scores across the four SOAP-
note pools—human-authored (K), Copilot OT-edited (E), KAUWbot unedited (U), and
KAUWbot OT-edited (T)—highlight differences in overall quality and variability.

Table 4.5: Summary of Mean Values for Evaluators’ (Clinician) Quality Scores for the
SOAP-Note Pools

Evaluators K E U T
Clinician 1 11.80 12.57 12.97 13.21
Clinician 2 12.92 13.94 13.73 14.27
Clinician 3 8.19 11.44 11.20 11.70
Clinician 4 12.06 13.38 12.73 13.32

From Table 4.5, it is evident that Clinician 2 consistently provided the highest scores
across all note pools, ranging from 12.92 for the K pool to 14.27 for the T pool. This
suggests that Clinician 2 either perceives higher quality in the notes or applies more lenient
evaluation criteria than others. Clinician 3 provided the lowest ratings across all pools, with
scores ranging from 8.19 for the K pool to 11.70 for the T pool, indicating a more critical
or stricter approach to evaluation. The highest mean scores overall were given to the T
pool (KAUWbot OT-edited) by Clinician 2 (14.27), reflecting the perceived improvement
in quality when AI-generated notes were edited by OTs. The lowest mean rating was
assigned to the K pool (human-authored) by Clinician 3 (8.19).
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Figure 4.4: Histogram of Clinician Scoring of KAUWbot-Generated SOAP Notes Edited
by OTs.

Table 4.6: Summary of Data for Evaluators’ (Clinician) Quality Scores for the SOAP-Note
Pools

Note Pools Mean Median Std. Dev.
K 11.49 12.36 2.28
E 12.83 12.98 1.09
U 12.66 12.85 1.06
T 13.12 13.26 1.06

The summary statistics in Table 4.6 provide further insight. Mean scores progressively
increase across the note pools: K (11.49), E (12.83), U (12.66), and T (13.12). This pro-
gression highlights that AI-generated notes and subsequent OT editing are associated with
higher perceived quality compared to human-authored notes. The median ratings align
closely with the means, indicating relatively symmetric distributions of scores within each
pool. However, variability differs across pools, as shown by the standard deviation values.
The K pool has the highest standard deviation (2.28), suggesting significant variability
in the perceived quality of human-authored notes across evaluators. The E, U, and T
pools exhibit lower and nearly identical standard deviations (ranging from 1.06 to 1.09),
reflecting greater consistency in quality ratings for AI-assisted or edited notes.

When comparing the note pools, the T pool (KAUWbot OT-edited) consistently achieved
the highest ratings, with a mean of 13.12 and a median of 13.26. This indicates that OT
editing further enhances the quality of AI-generated notes, making them the most refined.
The K pool (human-authored) received the lowest mean rating (11.49) and showed the
greatest variability. Notably, the unedited KAUWbot notes (U) outperformed the human-
authored notes (K), with a higher mean rating (12.66 vs. 11.49) and lower variability
(standard deviation of 1.06 vs. 2.28).
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Figure 4.5: Box Plot of SOAP Note Quality Scores by Evaluators

Figure 4.6: Violin Plot of SOAP Note Quality Scores by Evaluators

The box plot in Figure 4.5 reveals the distribution of quality scores across the four
SOAP-note pools (K, E, U, T). Among them, Pool T (edited KAUWbot notes) has the
highest median score, suggesting that it was rated most favourably by the evaluators. In
contrast, Pool K (human-authored notes) has the lowest median, indicating comparatively
lower ratings. The variability in scores is most visible in Pool K, reflecting inconsistencies
in clinician evaluations. Pools E (edited Copilot notes) and U (unedited KAUWbot notes)
exhibit relatively similar distributions, with less variation compared to K.

The violin plot in Figure 4.6 provides a deeper look at the distribution density of quality
scores, showing where scores are more concentrated. Pool K (human-authored notes) has
a wider distribution toward the lower end, indicating greater variability and a lower overall
central tendency. Pool T (edited KAUWbot notes) demonstrates a denser concentration
of scores in the upper range, reinforcing its higher ratings across evaluators. Pools E
(edited Copilot notes) and U (unedited KAUWbot notes) show a balanced and relatively
symmetrical spread, suggesting consistency in how evaluators assessed these SOAP notes.
The violin plot further highlights that while some pools, such as T, received consistently
high scores, others, like K, experienced greater variation, potentially indicating differences
in clinician perspectives.
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Figure 4.7: Histogram of Mean Quality Scores for SOAP-Note Pools [5].

4.2.2 ANOVA to Compare the Mean Quality Scores

Analyzing the differences in quality scores across various SOAP-note pools in this re-
search necessitates a robust statistical method capable of comparing group means. One
such method is the Analysis of Variance (ANOVA), which is particularly suitable for this
research because it allows the researcher to determine whether there are statistically sig-
nificant differences in the quality scores assigned to the four distinct SOAP-note pools.
ANOVA is a widely used statistical technique in social sciences and healthcare research
for comparing multiple groups simultaneously, without inflating the Type I error rate (i.e.,
rejecting a true null hypothesis) [26].

The dependent variable in this research is the quality score assigned by evaluators, and
the independent variable is the SOAP-note pool (K, E, U, T). A one-way ANOVA can test
whether the mean quality scores differ significantly between the note pools, accounting for
variability among evaluators [114].

Table 4.7: Summary of Analysis of Variance (ANOVA) with α = 0.05
Source DF SS MS F − stat p− value F − crit
Between Groups 3 6.17 2.06 0.96 0.45 3.49
Within Groups 12 25.83 2.15
Total 15 32

The ANOVA Table 4.7 summarizes the results of the analysis conducted to assess
whether there are statistically significant differences in the quality scores among the four
SOAP-note pools. The table includes components such as the degrees of freedom (DF),
sums of squares (SS), mean squares (MS), F −statistic, p−value, and the critical F-value
(F − crit).
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Figure 4.8: Histogram of Mean, Median, and Standard Deviation of Quality Scores for
SOAP-Note Pools.

Degrees of Freedom (DF):

The degrees of freedom for the “Between Groups” source is 3, corresponding to the four-
note pools minus one (number of groups - 1). For “Within Groups,” the degree of freedom
is 12, calculated as the total number of observations minus the number of groups (16 - 4).
The total degree of freedom is 15, which is the sum of the between-group and within-group
degrees of freedom. These degrees of freedom are crucial for determining the F − statistic
and its associated p− value.

DFBetween Groups: This is the number of groups minus 1:

DFBetween Groups = k − 1 = 4− 1 = 3

DFWithin Groups: This is the total number of observations minus the number of groups:

DFWithin Groups = N − k = 16− 4 = 12

DFTotal: This is the total number of observations minus 1:

DFTotal = N − 1 = 16− 1 = 15

Sums of Squares (SS):

The total variability in the data is represented by the total SS, which is 32. This total
variability is partitioned into two components: the variability between groups (SS Between
= 6.17) and the variability within groups (SS Within = 25.83). The relatively low SS
Between compared to SS Within suggests that a substantial portion of the total variability
is attributable to differences within groups rather than differences between the SOAP note
pools.
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Mean Squares (MS):

The mean squares are calculated by dividing the sums of squares by their respective degrees
of freedom. For the “Between Groups” source, the MS is 2.06 (SS Between ÷ DF Between),
and for the “Within Groups,” the MS is 2.15 (SS Within ÷ DFWithin). These mean square
values are used to compute the F − statistic, which quantifies the ratio of between-group
variability to within-group variability.

MSBetween Groups =
SSBetween Groups

DFBetween Groups

=
6.17

3
= 2.06

MSWithin Groups =
SSWithin Groups

DFWithin Groups

=
25.83

12
= 2.15

F − statistic and p− value:

The calculated F − statistic is 0.96, derived by dividing the MS Between (2.06) by the MS
Within (2.15). The p−value associated with this F−statistic is 0.45, which is much greater
than the conventional significance level of 0.05. This indicates no statistically significant
difference in the mean quality ratings among the four note pools. In other words, the
variability observed between the groups is not sufficiently large to conclude that the note
pools differ in quality.

F =
MSBetween Groups

MSWithin Groups

=
2.06

2.15
≈ 0.96

F-Critical Value (F-crit):

The critical F-value at a 0.05 significance level, given 3 and 12 degrees of freedom, is 3.49.
Since the calculated F − statistic (0.96) is less than the F − critical value (3.49), we fail
to reject the null hypothesis. This further confirms that the differences in mean quality
ratings among the four SOAP-note pools are not statistically significant.

4.3 Clarity Performance for the Four SOAP-Note Pools

The analysis of clarity scores for the four SOAP-note pools reveals important insights into
the evaluators’ assessments. The two tables (Table 4.8 and Table 4.9) summarize the mean
scores for each evaluator across the note pools, as well as aggregate descriptive statistics,
including mean, median, and standard deviation.

The clarity scores assigned by Clinician 1 show a progressive increase across the note
pools, with the lowest score for K (2.60) and the highest for T (2.85). Clinician 2 also
followed a similar trend, with scores ranging from 2.59 for K to 2.81 for T. These patterns

32



Table 4.8: Summary of Mean Values for Evaluators’ (Clinician) Clarity Scores for the
SOAP-Note Pools

Evaluators K E U T
Clinician 1 2.60 2.73 2.76 2.85
Clinician 2 2.59 2.76 2.72 2.81
Clinician 3 1.73 2.33 2.15 2.32
Clinician 4 2.48 2.68 2.24 2.43

Table 4.9: Summary of Data for Evaluators’ (Clinician) Clarity Scores for the SOAP-Note
Pools

Note Pools Mean Median Std. Dev.
K 2.35 2.54 0.42
E 2.63 2.71 0.20
U 2.47 2.48 0.32
T 2.60 2.62 0.27

suggest a positive perception of clarity in the edited and AI-generated notes compared to
the human-authored notes. In contrast, Clinician 3’s scores, while also increasing, start
from a significantly lower baseline (1.73 for K) and reach only 2.32 for T. Clinician 4’s
scores are relatively consistent, with slight variations, ranging from 2.24 for U to 2.68 for
E.

The overall mean clarity scores reveal that E (Copilot OT-edited) achieved the highest
mean score of 2.63, followed closely by T (KAUWbot OT-edited) at 2.60, indicating that
editing and refinement of AI-generated notes improve perceived clarity. The U (KAUWbot
unedited) and K (human-authored) pools had slightly lower means, at 2.47 and 2.35, re-
spectively, suggesting that unedited notes and human-authored notes may lack consistency
in clarity.

The median scores further support these findings, with E achieving the highest me-
dian of 2.71 and T following at 2.62. The human-authored notes (K) had the lowest
median of 2.54, reflecting some variability in clarity perceptions among evaluators. The
standard deviation values indicate variability in the ratings, with K showing the highest
variability (0.42) and E showing the least (0.20). This suggests that human-authored notes
were assessed with greater inconsistency, potentially due to differences in writing styles or
evaluator interpretations, while Copilot OT-edited notes achieved more consistent clarity.

4.4 Completeness Performance for the Four SOAP-

Note Pools

The analysis of the evaluators’ completeness scores in Table 4.10 and Table 4.11 for the
SOAP-note pools reveals several notable trends in the data across different note pools.
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Figure 4.9: Histogram of Mean Clarity Scores for SOAP-Note Pools.

Figure 4.10: Histogram of Mean, Median, and Standard Deviation of Clarity Scores for
SOAP-Note Pools.
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Table 4.10: Summary of Mean Values for Evaluators’ (Clinician) Completeness Scores for
the SOAP-Note Pools

Evaluators K E U T
Clinician 1 2.09 2.67 2.68 2.69
Clinician 2 2.27 2.74 2.71 2.83
Clinician 3 1.28 2.25 1.98 2.09
Clinician 4 2.55 2.85 2.71 2.79

Table 4.11: Summary of Data for Evaluators’ (Clinician) Completeness Scores for the
SOAP-Note Pools

Note Pools Mean Median Std. Dev.
K 2.05 2.18 0.55
E 2.63 2.71 0.26
U 2.52 2.70 0.36
T 2.60 2.74 0.35

In Table 4.10, Clinician 1 generally rates the note pools lower in terms of completeness,
with a mean score of 2.09 for the K pool and higher scores for the T pool (2.69). Clinician
2 provides a similar pattern, with the highest mean score of 2.83 for the T pool, followed
by scores ranging from 2.27 to 2.74 for the other pools. Clinician 3, on the other hand,
rated the K pool notably lower (1.28) compared to the other pools, suggesting a possible
discrepancy in their evaluation approach or a lower perceived completeness for the K pool.
This trend contrasts with Clinician 4, who provided consistently higher ratings, with mean
scores ranging from 2.55 for K to 2.85 for E.

The K pool in Table 4.11 has the lowest mean score (2.05) and a relatively high standard
deviation of 0.55, indicating that the completeness of the human-authored SOAP notes is
rated inconsistently across evaluators. The standard deviation suggests that there is a
notable variability in how different evaluators perceive the completeness of the K notes.
In contrast, the E pool has the highest mean score (2.63), accompanied by the lowest
standard deviation (0.26), reflecting a more consistent and generally higher perception of
completeness across evaluators. The U and T pools have very similar mean scores (2.52
and 2.60, respectively), with the T pool showing a slightly higher median (2.74 compared
to 2.70 for U), indicating a more consistent evaluation of the KAUWbot-generated and
OT-edited notes.

The differences in mean scores between the pools highlight the evaluators’ overall per-
ception of completeness, with the Copilot OT-edited (E) pool receiving the highest and
most consistent ratings, suggesting that the edits made by the OT improved the complete-
ness of the SOAP notes. Meanwhile, the K pool (human-authored) appears to have more
variability and the lowest mean rating, indicating that the human-authored notes may
have been perceived as less complete or more inconsistent compared to the other pools.
The KAUWbot-generated notes, both unedited (U) and OT-edited (T), received more
consistent and moderately high scores, with the OT-edited pool slightly outperforming the
unedited one in terms of completeness.
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Figure 4.11: Histogram of Mean Completeness Scores for SOAP-Note Pools.

Figure 4.12: Histogram of Mean, Median, and Standard Deviation of Completeness Scores
for SOAP-Note Pools.
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4.5 Conciseness Performance for the Four SOAP Note

Pools

The descriptive statistics for the evaluators’ (clinician) conciseness scores for the SOAP
note pools, as shown in Table 4.12 and Table 4.13, reveal insights into how the different
note pools were perceived in terms of their conciseness by the clinicians.

Table 4.12: Summary of Mean Values for Evaluators’ (Clinician) Conciseness Scores for
the SOAP-Note Pools

Evaluators K E U T
Clinician 1 2.64 2.16 2.54 2.52
Clinician 2 2.87 2.81 2.92 2.90
Clinician 3 1.73 2.13 2.41 2.46
Clinician 4 2.83 2.47 2.59 2.69

Table 4.13: Summary of Data for Evaluators’ (Clinician) Conciseness Scores for the SOAP-
Note Pools

Note Pools Mean Median Std. Dev.
K 2.52 2.74 0.54
E 2.39 2.32 0.32
U 2.62 2.57 0.22
T 2.64 2.61 0.20

The mean conciseness scores across the four note pools vary slightly but show some
notable differences in the ratings. Clinician 1 rated the conciseness of the K note pool the
highest (mean = 2.64) compared to the other pools, with the lowest score for the E note
pool (mean = 2.16). Clinician 2, on the other hand, rated the E note pool highest (mean
= 2.81), followed by the T pool (mean = 2.90). This pattern is somewhat reversed for
Clinician 3, who rated the K note pool the lowest (mean = 1.73) and the T pool highest
(mean = 2.46), indicating varying clinician preferences or interpretations of conciseness in
the SOAP notes. Clinician 4, in contrast, showed more consistent ratings across the note
pools, with the highest mean score for the K pool (mean = 2.83), and relatively similar
ratings for the other three pools (mean = 2.47 for E, 2.59 for U, and 2.69 for T).

From Table 4.13, we observe that the overall mean conciseness scores for the note pools
suggest that the KAUWbot-unedited (U) and KAUWbot OT-edited (T) note pools are
perceived as the most concise by the evaluators, followed closely by the human-authored
(K) pool. The Copilot OT-edited (E) pool was rated the lowest in terms of conciseness,
suggesting that it may have been perceived as less succinct compared to the others.

The standard deviation values reflect the variability of the conciseness scores within each
note pool. The highest standard deviation is observed in the K pool (0.54), indicating that
the conciseness ratings for this pool were more spread out across evaluators. The standard
deviation for the E pool is lower (0.32), suggesting that evaluators generally agreed more on
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Figure 4.13: Histogram of Mean Conciseness Scores for SOAP-Note Pools.

Figure 4.14: Histogram of Mean, Median, and Standard Deviation of Conciseness Scores
for SOAP-Note Pools.

the conciseness of the Copilot-edited notes. The U and T pools both have lower standard
deviations (0.22 and 0.20, respectively), indicating relatively high consistency in how these
pools were rated for conciseness.

4.6 Relevance Performance for the Four SOAP-Note

Pools

The descriptive statistics for the evaluators’ (clinician) relevance scores for the SOAP-note
pools, as shown in Table 4.14 and Table 4.15, reveal insights into how the different note
pools were perceived in terms of their relevance by the clinicians.

Clinician 1 in Table 4.15 rated pool K the lowest (2.63) and pool T the highest (2.90),
with scores for pools E and U close to that of T, reflecting overall consistency in their
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Table 4.14: Summary of Mean Values for Evaluators’ (Clinician) Relevance Scores for the
SOAP-Note Pools

Evaluators K E U T
Clinician 1 2.63 2.82 2.81 2.90
Clinician 2 2.94 2.90 2.97 2.99
Clinician 3 2.28 2.53 2.45 2.51
Clinician 4 2.94 2.75 2.80 2.83

Table 4.15: Summary of Data for Evaluators’ (Clinician) Relevance Scores for the SOAP-
Note Pools

Note Pools Mean Median Std. Dev.
K 2.70 2.79 0.31
E 2.75 2.79 0.16
U 2.76 2.81 0.22
T 2.81 2.87 0.21

assessments. Clinician 2 displayed a very narrow range of scores, with all ratings near
3.00. This clinician gave the highest score to pool T (2.99) and the lowest to pool E (2.90),
indicating uniformly positive evaluations across the pools. In contrast, Clinician 3 assigned
lower scores overall, ranging from 2.28 for pool K to 2.51 for pool T, suggesting a more
conservative approach to relevance evaluation. Clinician 4 rated pools K and E similarly
(2.94 and 2.75, respectively) but gave slightly higher scores to pools U and T (2.80 and
2.83, respectively). Like Clinician 2, this evaluator tended to provide high ratings across
all pools.

Table ?? presents aggregate data on the relevance scores for the SOAP note pools,
including the mean, median, and standard deviation. Pool T achieved the highest mean
score (2.81), followed by pools U (2.76), E (2.75), and K (2.70). The differences in mean
scores across pools were minimal, with a maximum difference of 0.11 between the highest
(T) and the lowest (K), indicating all pools were generally perceived as relevant. The
median scores further confirm this trend, as pools K and E all had a median of 2.79, while
pool T had a slightly higher median of 2.87. The close alignment of mean and median
scores suggests symmetrical distributions of relevance scores for all pools.

The standard deviation values provide additional insights into the variability of eval-
uations. Pool K exhibited the highest variability (0.31), reflecting greater disagreement
among clinicians about its relevance. In contrast, pool E had the lowest standard devia-
tion (0.16), indicating high consistency in relevance scores. Pools U and T demonstrated
moderate variability, with standard deviations of 0.22 and 0.21, respectively, suggesting
some degree of agreement among clinicians.
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Figure 4.15: Histogram of Mean Relevance Scores for SOAP-Note Pools.

Figure 4.16: Histogram of Mean, Median, and Standard Deviation of Relevance Scores for
SOAP-Note Pools.
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4.7 Organization Performance for the Four SOAP-

Note Pools

The descriptive statistics for the evaluators’ (clinician) organization scores for the SOAP-
note pools, as shown in the tables (Table 4.16 and Table 4.17) below, reveal insights into
how the different note pools were perceived in terms of their organization by the clinicians.

Table 4.16: Summary of Mean Values for Evaluators’ (Clinician) Organization Scores for
the SOAP-Note Pools

Evaluators K E U T
Clinician 1 1.96 2.19 2.19 2.27
Clinician 2 2.36 2.73 2.54 2.74
Clinician 3 1.33 2.24 2.23 2.31
Clinician 4 2.40 2.76 2.39 2.57

Table 4.17: Summary of Data for Evaluators’ (Clinician) Organization Scores for the
SOAP-Note Pools

Note Pools Mean Median Std. Dev.
K 2.01 2.16 0.50
E 2.48 2.49 0.31
U 2.34 2.31 0.16
T 2.47 2.44 0.22

Clinician 1 rated pool K the lowest (1.96), followed by similar ratings for pools E and
U (2.19) and the highest score for pool T (2.27). The relatively narrow range of scores
(1.96 to 2.27) suggests that Clinician 1 perceived slight but consistent differences in the
organization among the pools. Clinician 2 gave higher overall scores, with the lowest rating
for pool K (2.36) and the highest for pool T (2.74). Pool E (2.73) was rated nearly as highly
as T, while pool U (2.54) received a slightly lower score, indicating that this clinician found
pools E and T particularly well-organized.

Clinician 3 assigned the lowest scores among all evaluators, with pool K receiving the
lowest score (1.33) and pool T the highest (2.31). Pools E (2.24) and U (2.23) received
nearly identical scores, suggesting that Clinician 3 perceived limited differentiation between
these pools in terms of organization. Clinician 4 provided the most favourable scores, with
pool K receiving 2.40 and pool E receiving the highest score (2.76). This clinician rated
pool U slightly lower (2.39) and pool T at 2.57, indicating that they viewed pool E as the
most organized and pool K as the least.

The mean scores reveal that pool E had the highest average organization score (2.48),
followed closely by pool T (2.47) and pool U (2.34). Pool K had the lowest mean score
(2.01), indicating it was perceived as the least organized. The median scores closely align
with the means, with pool E having the highest median (2.49) and pool K the lowest (2.16).
These values suggest that the distribution of scores for each pool is fairly symmetrical.
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Figure 4.17: Histogram of Mean Relevance Scores for SOAP-Note Pools.

Figure 4.18: Histogram of Mean, Median, and Standard Deviation of Organization Scores
for SOAP-Note Pools.

In terms of variability, pool K exhibited the highest standard deviation (0.50), indicat-
ing the greatest inconsistency among evaluators regarding its organization. Pool U had the
lowest standard deviation (0.16), suggesting strong agreement among evaluators about its
organization. Pools E and T demonstrated moderate variability, with standard deviations
of 0.31 and 0.22, respectively, reflecting some degree of evaluator consensus.
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Chapter 5

Discussion

The findings of this research provide significant insights into the role of AI in clinical doc-
umentation, particularly in pediatric rehabilitation settings. By systematically comparing
human-authored SOAP notes with AI-generated and AI-assisted notes across multiple qual-
ity criteria, this research contributes to a growing understanding of how AI can support and
potentially enhance clinical documentation practices. This discussion synthesizes the key
results, contextualizes them within the existing literature, and explores their implications
for clinical practice, training, and future research.

5.1 Quality of AI-Generated SOAP Notes

The research revealed that AI-generated SOAP notes, particularly those produced by
KAUWbot and subsequently edited by occupational therapists, scored highest across all
quality criteria, including clarity, completeness, conciseness, relevance, and organization
[5]. This finding shows the potential of AI tools to produce high-quality documentation
when augmented by human expertise. The improvement in quality scores for KAUWbot
notes after human editing highlights the importance of collaborative models in clinical
documentation, where AI serves as a first draft generator and clinicians refine the output
to align with clinical standards and personal preferences [5].

Interestingly, unedited AI-generated notes (KAUWbot) outperformed human-authored
notes in terms of overall quality. This result suggests that AI models, when trained on
domain-specific data, can achieve a level of consistency and accuracy that may surpass
human efforts, particularly in fast-paced clinical environments. However, the lower orga-
nization scores for unedited notes indicate that while AI excels in generating detailed and
relevant content, it may struggle with structuring information in a manner that adheres to
established SOAP note conventions.
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5.2 Human-AI Collaboration

The findings also highlight the transformative potential of human-AI collaboration in clin-
ical documentation. The substantial improvement in KAUWbot-generated notes after
editing by OTs reflects the added value of human judgment in refining AI outputs. This
aligns with the literature emphasizing the importance of human oversight in mitigating
errors, enhancing relevance, and ensuring the contextual appropriateness of AI-generated
documentation.

The research shows the necessity of clinician training to optimize the use of AI tools.
Clinicians who provided concise and detailed scratch notes generated high-quality SOAP
notes more efficiently and easily [39]. This finding suggests that targeted training programs
focusing on effective scratch note creation and AI utilization could further enhance the
benefits of AI-assisted documentation.

5.3 Implications for Clinical Practice

The integration of AI tools like KAUWbot and Copilot into clinical documentation work-
flows has the potential to address critical challenges in pediatric rehabilitation, including
time constraints and clinician burnout [39]. By automating the initial drafting process,
these tools can reduce the administrative burden on clinicians, allowing them to allocate
more time to direct patient care. However, the variability in time savings observed across
clinicians shows the need for personalized training and support to maximize the efficiency
gains from AI adoption [39].

From a patient safety perspective, the high clarity and relevance scores of AI-generated
notes suggest that these tools can enhance communication among healthcare providers,
thereby improving continuity of care. However, the potential for errors or misclassifications
in unedited AI outputs [60] highlights the importance of maintaining robust oversight
mechanisms to ensure accuracy and reliability.

5.4 Limitations and Recommendations for Future Re-

search

Despite the promising results, this research also highlights several challenges associated
with AI in clinical documentation. One key limitation is the dependency of AI tools on
the quality of input data. The effectiveness of KAUWbot, for example, was contingent on
the quality and specificity of scratch notes provided by clinicians. This shows the need for
standardized input protocols to ensure consistent performance.

A notable limitation of this research lies in its sample size. Although the dataset
included 432 SOAP notes, which is considerable, it may have been insufficient to achieve
the statistical power necessary to detect subtle differences in quality among the groups
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[5]. With 108 notes per pool, the research may have lacked the sensitivity required to
capture meaningful variations in mean scores. Expanding the sample size in future research
could bolster the statistical analyses, enabling more robust and definitive conclusions about
differences in the quality of SOAP notes across the groups.

Another limitation pertains to the research’s predominant reliance on quantitative
methods for assessing the quality of SOAP notes [5]. While the rubric-based evaluations
and statistical analyses provided objective and standardized metrics, they may have over-
looked insights best captured through qualitative approaches. Incorporating qualitative
methodologies in future research could offer deeper perspectives into the subjective expe-
riences and perceptions of occupational therapists and evaluators, particularly regarding
the usability, practicality, and contextual relevance of AI-generated SOAP notes.

The use of a 3-point Likert scale for the SOAP note evaluation presents a limitation
for this research due to its limited granularity and reduced ability to discriminate between
varying levels of quality. Its simplicity could also introduce evaluator bias, as raters might
default to the middle option when uncertain, potentially skewing results and reducing
assessment reliability. Using a more detailed scale, such as a 5- or 7-point Likert scale,
would enhance sensitivity, enable finer distinctions, and improve the validity of the findings.

The findings of this research are specific to pediatric rehabilitation settings, which may
limit their applicability to other clinical contexts [5]. Different specialties often have unique
documentation requirements and evaluation criteria, making generalizability a challenge.
Future research could address this limitation by exploring the use of AI-assisted documen-
tation tools in diverse clinical settings. This would provide a broader understanding of
how these tools adapt to varying documentation styles and whether the benefits of human
editing are consistent across specialties.

Privacy and data security remain critical concerns, particularly when using AI tools in
healthcare settings. While the use of a custom model like KAUWbot mitigates some risks
associated with proprietary systems, ongoing efforts are needed to ensure compliance with
data protection regulations and safeguard patient confidentiality.

Confirmation bias may arise in the SOAP note generation process as occupational ther-
apy clinicians may unconsciously favour AI-generated notes that align with their existing
documentation styles and expectations. This may lead to selective editing or acceptance of
certain AI outputs while overlooking errors or inconsistencies. To mitigate this, multiple
clinicians could review and refine the AI-generated notes in a multi-step process instead of
having the same clinician generate and edit SOAP notes.
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Chapter 6

Conclusion and Summary

This research has explored the integration of AI in clinical documentation, focusing on
the evaluation of AI-generated SOAP notes within pediatric rehabilitation. By comparing
human-authored notes with those produced by AI tools—specifically KAUWbot, a custom-
trained model, and Copilot, a general-purpose LLM—the research aimed to assess their
quality, the extent of required human editing, and their broader implications for clinical
practice. The findings show the potential of AI-assisted documentation while highlighting
critical areas for improvement and further investigation.

6.1 Summary of Key Findings

1. Quality of AI-Generated SOAP Notes: AI-generated SOAP notes demonstrated
promising levels of clarity, completeness, conciseness, relevance, and organization.
The KAUWbot model, fine-tuned specifically for pediatric rehabilitation documenta-
tion, generally outperformed the general-purpose Copilot in terms of domain-specific
relevance and organization.

2. Role of Human Editing: The research revealed that human editing improved
the quality of AI-generated SOAP notes. This shows the necessity of clinician in-
volvement to refine and contextualize AI outputs, ensuring they meet clinical and
documentation standards.

3. Statistical Analysis of Quality Metrics: Through rubric-based evaluations and
statistical analyses, variations in quality metrics were observed across different note
pools.

4. Privacy and Ethical Considerations: The use of AI tools like KAUWbot miti-
gates some risks associated with proprietary systems, such as data privacy concerns.
However, ongoing efforts are essential to ensure compliance with data protection
regulations and safeguard patient confidentiality.
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Models on Programming Education and Student Learning Outcomes. Applied Sci-
ences, 14(10):4115, 2024.

51



[56] Hyoje Jung, Yunha Kim, Heejung Choi, Hyeram Seo, Minkyoung Kim, Jiye Han,
Gaeun Kee, Seohyun Park, Soyoung Ko, Byeolhee Kim, Suyeon Kim, Tae Joon Jun,
and Young-Hak Kim. Enhancing Clinical Efficiency through LLM: Discharge Note
Generation for Cardiac Patients. arXiv preprint arXiv:2404.05144, 2024.

[57] Andreas Jungherr. Using ChatGPT and Other Large Language Model (LLM) Ap-
plications for Academic Paper Assignments. SocArXiv, 2023.

[58] Joyce Kamanzi, Abraham Megentta, Wilson Nsabiyumva, Augustin Sendegeya, and
Rex Wong. Improving Clinical Documentation Through Monthly Audits in Butare
Teaching Hospital, Rwanda. Journal of Service Science and Management, 8(6):860–
867, 2015.

[59] Leo Kelion. Babylon Health Admits GP App Suffered a Data Breach. https:

//www.bbc.com/news/technology-52986629, 2020. [Online; accessed 05-February-
2025].

[60] Annessa Kernberg, Jeffrey A Gold, and Vishnu Mohan. Using ChatGPT-4 to Create
Structured Medical Notes From Audio Recordings of Physician-Patient Encounters:
Comparative Study. Journal of Medical Internet Research, 26:e54419, 2024.

[61] Arjun Kharpal. Google DeepMind Patient Data Deal with UK Health
Service Illegal, Watchdog Says. https://www.cnbc.com/2017/07/03/

google-deepmind-nhs-deal-health-data-illegal-ico-says.html, 2017.
[Online; accessed 05-February-2025].

[62] KidsAbility. KidsAbility Centre for Child Development. https://www.

kidsability.ca/about-us/, 2024. [Online; accessed 12-February-2025].

[63] Anne Kiraly-Alvarez. Assessing Volition in Pediatrics: Using the Volitional Question-
naire and the Pediatric Volitional Questionnaire. The Open Journal of Occupational
Therapy, 3(3):7, 2015.

[64] Bonnie Klassen, Lili Liu, and Sharon Warren. Pain Management Best Practice
with Older Adults: Effects of Training on Staff Knowledge, Attitudes, and Patient
Outcomes. Physical & Occupational Therapy In Geriatrics, 27:173 – 196, 2009.

[65] Ahmet Baki Kocaballi, Kiran Ijaz, Liliana Laranjo, Juan C. Quiroz, Dana Rezazade-
gan, Huong Ly Tong, Simon Willcock, Shlomo Berkovsky, and Enrico W. Coiera.
Envisioning an Artificial Intelligence Documentation Assistant for Future Primary
Care Consultations: A Co-Design Study with General Practitioners. Journal of the
American Medical Informatics Association, 27(11):1695–1704, 2020.

[66] Laxminarayana Korada. GitHub Copilot: The Disrupting AI Companion Transform-
ing the Developer Role and Application Lifecycle Management. Journal of Artificial
Intelligence & Cloud Computing, 348:2–4, 2024.

52

https://www.bbc.com/news/technology-52986629
https://www.bbc.com/news/technology-52986629
https://www.cnbc.com/2017/07/03/google-deepmind-nhs-deal-health-data-illegal-ico-says.html
https://www.cnbc.com/2017/07/03/google-deepmind-nhs-deal-health-data-illegal-ico-says.html
https://www.kidsability.ca/about-us/
https://www.kidsability.ca/about-us/


[67] Heiko Koziolek, Sten Gruener, and Virendra Ashiwal. ChatGPT for PLC/DCS Con-
trol Logic Generation. In 2023 IEEE 28th International Conference on Emerging
Technologies and Factory Automation (ETFA), pages 1–8. IEEE, 2023.

[68] Hanne Kaae Kristensen, Charlotte Ytterberg, Dorrie Jones, and Hans Lund.
Research-Based Evidence in Stroke Rehabilitation: An Investigation of its Imple-
mentation by Physiotherapists and Occupational Therapists. Disability and Rehabil-
itation, 38:2564 – 2574, 2016.

[69] Kyle Lam. ChatGPT for Low-and Middle-Income Countries: A Greek Gift? The
Lancet Regional Health–Western Pacific, 41, 2023.

[70] Chanseo Lee, Sonu Kumar, Kimon A. Vogt, and Sam Meraj. Improving Clinical
Documentation with AI: A Comparative Study of Sporo AI Scribe and GPT-4o
mini. arXiv preprint arXiv:2410.15528, 2024.

[71] Sangil Lee, Nicholas M Mohr, W Nicholas Street, and Prakash Nadkarni. Machine
Learning in Relation to Emergency Medicine Clinical and Operational Scenarios: An
Overview. Western Journal of Emergency Medicine, 20(2):219, 2019.

[72] Siaw-Teng Liaw, Harshana Liyanage, Craig Kuziemsky, Amanda L Terry, Richard
Schreiber, Jitendra Jonnagaddala, and Simon de Lusignan. Nurses Partnering with
Technology to Predict the Patients’ Risk of Falling Using Artificial Intelligence. Year-
book of Medical Informatics, 29(01):051–057, 2020.

[73] Chunyu Liu, Yongpei Ma, Kavitha Kothur, Armin Nikpour, and Omid Kavehei.
BioSignal Copilot: Leveraging the Power of LLMs in Drafting Reports for Biomedical
Signals. MedRxiv, 2023.

[74] Tsai-Ling Liu, Timothy C. Hetherington, Casey Stephens, Andrew McWilliams, Ajay
Dharod, Tracey Carroll, and Jeffrey A. Cleveland. AI-Powered Clinical Documen-
tation and Clinicians’ Electronic Health Record Experience. JAMA Network Open,
7(9):e2432460–e2432460, 2024.
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