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Abstract

Background: Neurological disorders affect approximately 3 billion people globally, yet clinical trial successis often hindered by
poorly chosen outcome measures, impacting trial design, compliance, and interpretation. Core Outcome Sets (COS) have
emerged over the past 25 years as standardized tools to enhance outcome selection, ensuring comparability across studies and
reflecting the priorities of both researchers and patients. Despite the success of COS initiatives in other fields, their development
in neurology remains limited, leaving many trialists without disease-specific guidance. Given common themes across
neurological COS, a unified framework—a ‘COS of COS —could support outcome selection where no disease-specific COS
exists.

Objective: This study (COS-Neuro) uses Artificial Intelligence (Al) to analyse existing COS, identifying shared outcome
domains to develop a thematic framework, streamlining COS creation and improving neurological trial design.

Methods: COS-Neuro was developed using Al-assisted thematic framework analysis, followed by expert review. A modified
6-step thematic analysis was used without pre-determined codes:

1. Dataset Gathering — Data from the COMET database was collected and COS domains for neurological diseases were coded.

2. Prompt Design & Testing — LLMs (ChatGPT 3.5, Google Gemini 1.5 Flash, Meta Llama-2-70b) were trialled, and prompts
refined based on responses.

3. Thematic Analysis— LLMs categorised domainsinto core areas.

4. Human Refinement — Experts reviewed LLM-generated core areas and selected the most appropriate for interpretation.

5. Clinical Validation — Experts validated domains, core areas, and concepts.

This streamlined approach integrated Al with expert oversight to develop a standardised COS framework for neurological
disorders.

https://preprints.jmir.org/preprint/ 76448 [unpublished, non-peer-reviewed preprint]
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Results: With the assistance of LLMs, particularly ChatGPT, a robust conceptua framework for COS in neurological disorders
was developed based on the existing 112 COS. Adapting OMERACT model, 4 concepts, 13 core areas and 75 domains were
finalised following consensus of clinicians.

Conclusions: COS-Neuro establishes Al-assisted recommendations for COS in neurological disorders. This project provides a
foundation for future COS research and a reference for trials lacking established COS. It also sets a precedent for Al-assisted
qualitative analysis in medicine, with the successful adaptation of OMERACT highlighting its scalability for ‘COS of COS
development across specialties.

(IMIR Preprints 23/04/2025:76448)
DOI: https://doi.org/10.2196/preprints. 76448
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Abstract

Background

Neurological disorders affect approximately 3 billion people globally, yet clinical trial success is
often hindered by poorly chosen outcome measures, impacting trial design, compliance, and
interpretation. Core Outcome Sets (COS) have emerged over the past 25 years as standardized tools
to enhance outcome selection, ensuring comparability across studies and reflecting the priorities of
both researchers and patients. Despite the success of COS initiatives in other fields, their
development in neurology remains limited, leaving many trialists without disease-specific guidance.
Given common themes across neurological COS, a unified framework—a ‘COS of COS’—could
support outcome selection where no disease-specific COS exists. This study (COS-Neuro) uses
Artificial Intelligence (AI) to analyse existing COS, identifying shared outcome domains to develop

a thematic framework, streamlining COS creation and improving neurological trial design.

Methods
COS-Neuro was developed using Al-assisted thematic framework analysis, followed by expert
review. A modified 6-step thematic analysis was used without pre-determined codes:
1. Dataset Gathering — Data from the COMET database was collected and COS domains for
neurological diseases were coded.
2. Prompt Design & Testing — LLMs (ChatGPT 3.5, Google Gemini 1.5 Flash, Meta Llama-2-
70b) were trialled, and prompts refined based on responses.
3. Thematic Analysis — LLMs categorised domains into core areas.
4. Human Refinement — Experts reviewed LLM-generated core areas and selected the most
appropriate for interpretation.
5. Clinical Validation — Experts validated domains, core areas, and concepts.
This streamlined approach integrated Al with expert oversight to develop a standardised COS

framework for neurological disorders.

Results
With the assistance of LLMs, particularly ChatGPT, a robust conceptual framework for COS in
neurological disorders was developed based on the existing 112 COS. Adapting OMERACT model,

4 concepts, 13 core areas and 75 domains were finalised following consensus of clinicians.

https://preprints.jmir.org/preprint/ 76448 [unpublished, non-peer-reviewed preprint]
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Conclusion

COS-Neuro establishes Al-assisted recommendations for COS in neurological disorders. This project
provides a foundation for future COS research and a reference for trials lacking established COS. It
also sets a precedent for Al-assisted qualitative analysis in medicine, with the successful adaptation

of OMERACT highlighting its scalability for ‘COS of COS’ development across specialties.

Introduction

https://preprints.jmir.org/preprint/ 76448 [unpublished, non-peer-reviewed preprint]
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Neurological disorders are the leading cause of illness and disability worldwide, affecting an
estimated 3 billion people (Collaborators, 2024). Translational research is clearly critical to
addressing these unmet needs (Turner et al., 2021). Up to March 2025, there were over 10,800
ongoing clinical trials in neurological disorders, accounting for 21.5% total clinical trials registered

on clinicaltrials.gov.

Trial success depends on multiple factors, but the choice of trial outcome measure is fundamental.
The outcome measure informs the trial size, it can influence compliance and attrition, and ultimately
it defines trial interpretation; Put simply, if the outcome measure is poorly chosen, a trial may reach
the wrong conclusion and/or struggle to change practice (Andrade, 2015; Davies et al., 2019; KHAN
et al., 2020).

One initiative to support outcome selection in clinical trials, that has gained momentum over the last
25 years, are standardised outcome sets also known as Core Outcome Sets (COS) (Tunis et al.,
2016). These are a list of critical disease features that should be measured for a given scope,
typically a specific disease. Principally designed to better enable research synthesis (by ensuring
studies can be compared without bias), their formation through wide stakeholder engagement,
including lived experience, can also ensure studies measure a disease comprehensively i.e. do not
overlook features that matter most to patients (Williamson et al., 2017). Initiatives such as COMET
(Core Outcome Measures in Effectiveness Trials) and OMERACT (Outcome Measures in
Rheumatology) have greatly supported their development, including refining the evidence base on
how they should be created. A recent impact assessment of the COS for Rheumatoid Arthritis, one of
the first examples created, highlights the potential dividends for trialists, with translational success at

a field level correlating with increased adoption (now at 82%) (Kordkheili et al., 2024).

The opportunity for COS to support translational science is therefore clear, the challenge remains
that their creation and implementation is time consuming and costly. (Liao & Quintana, 2021). So
far, only 55 established COS (August 2024) have been developed for neurological disease, including
those with multiple COSs on COMET database. Consequently, many neurological trialists do not
have a COS as reference, when designing their trial (Millward et al., 2022). Although guidance, such
as the OMERACT Filter can be conceptually helpful for trialists, this remains generic for
Rheumatology.

https://preprints.jmir.org/preprint/ 76448 [unpublished, non-peer-reviewed preprint]
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Reviewing the Neurological COS there appear many common themes leading us to hypothesize that
there may be a common framework to a COS for neurological disease or a ‘COS of COS’. Unlike
the OMERACT Filter, this sector specific guidance could support trialists where no disease specific

COS exists, or COS developers as they develop their disease specific COS.
This study (COS-Neuro) outlines the development of a COS tool for neurological disorders with the

assistance of Artificial Intelligence (AI) by establishing the frequency and scope of outcomes

previously reported in COS to generate common themes applicable to neurological disorders.

https://preprints.jmir.org/preprint/ 76448 [unpublished, non-peer-reviewed preprint]
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Methods

This is a mixed-methods study, using semi-automated methods with expert review, to propose cross-

cutting themes.

Thematic analysis (TA) is a method for analysing qualitative data by developing patterns of themes
across a dataset through data familiarisation or coding (Naeem et al., 2023). TA is conceptualised as
family of methods for qualitative analysis, which is further sub-categorised into reflexive, coding,
framework analysis, thematic content analysis, deductive, inductive, scientifically descriptive TA and

artfully interpretative TA.

Al is revolutionary in qualitative research with its cognitive ability in data processing, coding and
pattern recognition and has been proven to effectively assist in process of thematic analysis
(Christou, 2024). Large Language Models (LLMs) are advanced transformative Al models that have
been trained on massive text datasets to comprehend contextual data and the incorporation with
Natural Language Processing (NLP) enables them to generate contextually relevant outputs and
propose themes by analysing patterns across diverse domains (Gurusamy et al., 2024). With the
appropriate prompt, it can be incorporated in research to enhance data visualisation, analysis and

summarise scientific text. (Lubiana et al., 2023).

This COS-Neuro project was developed using thematic framework analysis. (Gale et al., 2013). The
themes were generated by identifying and interpreting with assistance of LLM prior to review by

clinicians with diverse level of experience and expertise.

Several initiatives have been established to help develop and disseminate COS, including Outcome
Measures in Rheumatology (OMERACT) and COMET (Core Outcome Measures in Effective Trials)
initiative. Amongst the methodology resources created by OMERACT to help the development of
COS is the OMERACET Filter, updated in 2019 to Version 2.1. The aim of the filter was to help COS
developers ensure content validity, by categorising the full universe of measurable aspects of healthy
conditions (Boers et al, 2019). The framework defines a measurement ‘Concept’, e.g.
Pathophysiology vs Impact which maps to a ‘Core Area’, e.g. Death, Life Impact, Societal/Resource

Use, Manifestation and Abnormalities (Figure 1).

https://preprints.jmir.org/preprint/ 76448 [unpublished, non-peer-reviewed preprint]
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Building on successes of OMERACT, the key initiative of COS-Neuro is to adapt its filter to develop
a COS of available COS in neurological disorders by Al-assisted thematic analysis with expert
reviews. A modified 6-step thematic analysis framework was used where the themes were created

without any pre-determined codes (Crosley, 2021).

Step 1: Dataset gathering involved gathering data from COMET database and domains coding from
COS of different neurological diseases.

Step 2: Prompt design and trial with 3 LLMs (CHATGPT 3.5, GOOGLE GEMINI 1.5 flash, and
META Llama-2-70b). The prompts were improved and re-designed based on the response of the
LLMs.

Step 3: Thematic analysis with assistance of LLMs to categorise them into their relevant themes
which are known as core areas.

Step 4: Output refined with human expertise to compare the core areas analysed by different LLMs
from domains and chose best one to proceed for concept interpretation.

Step 5: Clinical validation of domains, core areas and concepts by experts of varying experience.

Step 1- Dataset gathering

COMET database stored all studies relevant to development of COS for use in clinical trials (https://

www.comet-initiative.org/Resources/Database). The term ‘neurology’ was used for the search and

only published or ongoing studies were included in the dataset during the time of data collection
(August 2022). The COS were then identified and extracted for data analysis. The focus is on

neurology, neurosurgery and stroke as main specialties.

Table 1 Inclusion and exclusion criteria for selecting existing COS

Inclusion criteria Exclusion criteria
Neurology-related studies Unpublished COS
Brain injury Withdrawn COS
Spinal cord disorders Ongoing COS
Dementia

Neurodegenerative diseases
Brain injury

Brain tumour

Functional neurological disorder

The COS were chosen by reviewers with knowledge and experience for neurological disorders
(neurosurgeon and neurologist) with inclusion and exclusion criteria outlined in Table 1. Each study

was coded based on the COMET ID to facilitate domains cross check by different reviewers. The

https://preprints.jmir.org/preprint/ 76448 [unpublished, non-peer-reviewed preprint]
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established core outcomes for each neurological disorders are longlisted in Microsoft Excel for

analysis.

Step 2- Prompt design and trial
Three LLMs (CHATGPT 3.5, Google Gemini 1.5 Flash and Meta Llama 2 70b) were used to analyse

the longlist of domains. They were chosen for their easy accessibility and yet highly developed in the
world of AI (Buscemi & Proverbio, 2024): ChatGPT builds on the foundation of Transformer Neural
Network which enables it to excel in a wide range of Natural Language Processing Task. It predicts
the next word in each text sequence based on the precedent context through pre-training. ChatGPT is
capable in learning the statistical patterns and structural characteristics of human language and
capturing the contextual nuances in the text. Google Gemini is known to outperform human
respondents in Massive Multitask Language Understanding (MMLU) tasks, solving grade exams and
image recognition by training in multimodal and multilingual datasets. Llama encompasses pre-
trained and fine-tuned generative text models ranging from 7 billion to 70 billion parameter

(Buscemi & Proverbio, 2024).

Prompt engineering was adapted to design the prompt to execute thematic analysis with LLM. It
involved optimising prompt to achieve a desirable outcome with generative model. In this study,
instructions + input subgroup was used to construct prompt used for analysis (Amatriain, 2024). The

same prompt and longlist of domains were used in all 3 models to maintain consistency.

Role prompting was an effective way to begin the prompt given the task for a specialised topic
(Sankar, 2023). Then the prompt was followed by a background information and instructions. The

task must be specific with an example to avoid deviation from the expected outcome.

In this project, the prompt design focused on role as medical researcher (a trialists) with specific
instructions to perform thematic analysis on core outcome measurements and provide examples of

suitable cross cutting themes based on given domains.
Stop criteria for further prompt generation was based on thematic saturation where all the major

domains of neurological disorder outcomes were adequately represented in the core set at clinician’s

consensus and outcomes had been analysed without yielding further insights (Saunders et al., 2018).

https://preprints.jmir.org/preprint/ 76448 [unpublished, non-peer-reviewed preprint]
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The response across the 3 LLMs was then reviewed with feedback for further improvement.

Step 3- Thematic analysis

In-depth inductive thematic analysis was conducted to generate outcomes from the domains. Data
were analysed inductively by combination of LLMs and clinical knowledge from clinicians to
identify and understand outcomes important for patients (Jones, 2018) and assess the quality of the

dataset used in themes generation.

The domains suited for all neurological disorders were identified. With clinician oversight (SPT),

responses from each model were compared and commented for further improvement.

Step 4- Refining output with human expertise, and selection of preferred LLM

Each LLMs were prompted to provide a rationale for their response. An example of the prompt “The
longlist with domains provided below are extracted from different core outcome sets paper related to
neurology. I want the domains to link to the themes with explanations”. With the explanations from

generative models, reviewers were able to establish the thought process of LLM.

The output was then compared and the most suitable LLLM was chosen by clinicians working on this
project to proceed with further analysis.
The criteria for selecting the preferred LLM was:

1. Ability to accept prompt long enough for longlist of domains

2. Generate output with relevant domains linked to core areas

3. Core areas deemed acceptable by clinicians

Once the core areas generated by LLM were finalised, a new prompt was designed and tested to link

all the relevant domains to the core areas in a table form. It is then extracted to Microsoft Excel.

Step 5- Hierarchical Categorisation using Clinical Expertise, and OMERACT Filter 2.1

Clinicians then worked together, using the OMERACT Filter 2.1 as a reference structure, to
aggregate these core areas, into their categories (Figure 1). (Boers et al., 2014). This included
adapting the descriptive terms used to represent each core area generated by LLM. Experts were
encouraged to use their wider medical experience (and not simply rely on the outcomes from existing

neurological COS) to help ensure a framework that could generalise to all neurological disorders.

https://preprints.jmir.org/preprint/ 76448 [unpublished, non-peer-reviewed preprint]
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Figure 1: Hierarchical diagram for COS development (adapted from OMERACT Filter 2.1)

Concept d domains (example concept
(example)

Overaching idea on important outcomes and guides selection
here)

Core area Core area
Distinct aspect of conditio 1 (example core areas 1 a 2

(example) (example)

Domain 1 . Domain 2 ! Domain 3 Domain 4
(ex) (ex) | (ex) (ex)

Results

Step 1- Dataset gathering

A total of 112 articles on COS relevant to neurological disorders were identified on COMET
database and 782 core outcomes were extracted. Each study was coded with the COMET ID and the
outcomes are longlisted based on the ID. (Supplement 1)

There were 55 neurological disorders with established COS, including those with multiple COS.

Step 2 & 3- Prompt design and initial thematic analysis

The first prompt was designed to instruct LLMs to perform thematic analysis based on the given
longlist of domains. LLMs were specifically asked to provide themes with examples for analysis of

the thought process.

https://preprints.jmir.org/preprint/ 76448 [unpublished, non-peer-reviewed preprint]
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Prompt 1:

Act as a medical researcher. You are given a longlist of core outcome measurement sets on
neurology. Please do an inductive thematic analysis of the longlist and summarise maximum of 20
themes. I want domains as examples that linked to the themes. Example of themes would be
comprehensive health assessment with symptoms, blood pressure, mental health as domains.
*Longlist of outcomes*

Feedback on outcome for prompt 1: ChatGPT and Gemini both focused on symptoms, health status
and quality of life which were then selected as the main themes. The length of prompt was too long
for Llama. The prompt was further improved by using common themes reported in both ChatGPT

and Gemini as examples. Prompt was slightly shortened to accommodate Llama.

The prompt was further edited and improved with feedback on each outcome until a satisfactory
output was achieved in prompt 6. Details on the prompts and their outputs are attached in

supplement 2.

Prompt 6:

Act as a medical researcher. You are given a longlist of core outcome measurement sets in different
neurology disorders. please do an inductive thematic analysis of the given longlist and summarise
the main themes suitable for COS in neurology. Please use OMERACT as example with concepts,
core areas and domains.

*Longlist of outcomes*

Output:

ChatGPT response

“To conduct an inductive thematic analysis of the given long list of core outcome sets (COS) in
different neurology disorders, we will first categorize the provided outcomes into broader themes and
then summarize these themes suitable for COS in neurology. As an example, we'll refer to
OMERACT (Outcome Measures in Rheumatology) which provides a structured framework for core

areas and domains.”

Table 2 ChatGPT generated themes

Themes Domains

Disease activity/progression Number of new and/or active lesions
Number of relapses per year (Annual Relapse
Rate)

https://preprints.jmir.org/preprint/ 76448 [unpublished, non-peer-reviewed preprint]
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Switch from relapsing to progressive
Cognitive function

Motor function

Seizure frequency/severity/duration
Physical Function Walking ability

Upper extremity function

Grip strength

Balance/Falls

Fine motor ability

Ability to perform everyday activities
(Activities of Daily Living)

Quality of Life and Patient-reported Outcomes Health-related quality of life

Treatment satisfaction

Patient and family perceptions of care
Patient mood (Depression, Anxiety)
Self-esteem

Social functioning and participation
Satisfaction with treatment and outcomes
Overall activity level

Fatigue

Pain

Sleep quality

Emotional well-being

Neurological Symptoms Visual functioning

Bladder and bowel dysfunction

Sensory impairments (paraesthesia, vibration
perception)

Neuropsychological symptoms
Psychological symptoms (Anxiety, Depression)
Cognitive functioning

Health Economics and Health Services Health economics/cost—utility

Hospital admissions

Caregiver burden

Cost of treatment and care

Adherence to treatment

Functional Neurological Disorder (FND) | Core FND symptoms

Symptoms Other physical and psychological symptoms
Life impact

Distress and coping mechanisms
Rehabilitation Outcomes Return to work duration

Time to return of full function

Mobility and walking improvements
Rehabilitation complications and adverse events
Ability to participate in daily activities
Perioperative and Surgical Outcomes Operative time

Postoperative symptom duration
Complication rate

Reoperation rate

Scar sensitivity

Numbness and sensation in the operating area
Post-surgery motor function and recovery
Paediatric Neurology Outcomes Child pain

https://preprints.jmir.org/preprint/ 76448 [unpublished, non-peer-reviewed preprint]
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Developmental milestones

Quality of life in children and caregivers
Pediatric-specific neurological symptoms and
disabilities

School attendance and performance

Visual and Ocular Outcomes Visual acuity

Ocular motility and alignment

Visual field assessment

Functional vision and reading assessment
Quality of life related to vision and ocular
symptoms

These themes provide a comprehensive overview of the core outcome areas relevant to
neurological disorders. COS in neurology should aim to capture these diverse aspects to ensure a
holistic assessment of disease impact, treatment efficacy, and patient well-being.

Step 4- Refining output with human expertise, and selection of preferred LL.M

The outputs from ChatGPT, Gemini and Meta were assessed by clinicians based on the criteria listed
in the methods. Based on the outcomes, ChatGPT had effectively summarised all the important
points which were relevant in neurology. Gemini followed OMERACT pattern and had quite similar
concepts to ChatGPT, however the examples were less relevant in neurological disorders. Llama
was considered ineffective for this purpose, as it was unable to create a long list of domains or
provide reasonable justification. Clinicians therefore agreed to use ChatGPT to proceed with the

generated themes in prompt 6 (Table 2) as the foundation to further develop COS.

The 10 themes generated by ChatGPT which were then established as foundation for COS-Neuro
development were Disease Activity/Progression, Physical Functions, Quality of Life and Patient-
reported Outcomes, Neurological Symptoms, Health Economics and Health Services, Functional
Neurological Disorder (FND) Symptoms, Rehabilitation Outcomes, Perioperative and Surgical

Outcomes, Paediatric Neurology Outcomes and Visual and Ocular Outcomes.

ChatGPT was further prompted to classify and tabulate all the relevant domains into these themes.
Two rounds of prompt were used for ChatGPT to successfully filter 782 total domains to 225
domains of relevance to all neurological disorders. It managed to link the domains to the themes/core
areas in a table (supplement 3).

Prompt 2:

“Please analyse ALL the domains given and classify them into the above themes. Provide your
answer in a table with two columns. I want the first column to be ALL the longlist of domains given

in the first prompt, second column to be the themes. The themes are disease activity/progression,

https://preprints.jmir.org/preprint/ 76448 [unpublished, non-peer-reviewed preprint]
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physical functions, Quality of Life and Patient-reported Outcomes, Neurological Symptoms, Health
Economics and Health Services, Functional Neurological Disorder (FND) Symptoms, Rehabilitation
Outcomes, Perioperative and Surgical Outcomes, Pediatric Neurology Outcomes and Visual and

Ocular Outcomes”

Step 5 - Hierarchical Categorisation using Clinical Expertise, and OMERACT Filter 2.1

Table 3 outlines the rationale behind each change in the core areas, including rewording, combining,

and further sub-categorisation based on clinical appropriation.

The final core areas agreed by clinicians were disease specific activity, Pain, Sensory function,
Vision, Autonomic functions, Cognition, Motor functions, Burden of disease and economic impact,
Quality of life, ADL, Coping, Social participation, Treatment process, and Child development and

formation.

Once the core areas were set, a final round of prompts was designed to aggregate the LLM generated
domains, into overarching themes we term main domains. The aim was to create descriptive terms,
that would intuitively prompt users of COS-Neuro to understand the construct of each area.

‘Act as medical researcher. You're developing core outcome measurements in neurological disorders.
You're given the main core areas followed by their domains as text below. I want you to identify the

MAIN domains for the core areas.’

225 domains were further narrowed down to 75 domains as tabulated in Table 4.

The four main concepts were life impact, neurological function, disease and care manifestations,
with a further fifth concept of child development and formation considered optional, depending on
the disease in question. Disease and Care Activity is sub-categorising into disease-specific activity,
burden of disease and economic impact, treatment process and outcomes to evaluate clinical
progression over time and assess effectiveness of therapeutic interventions. Neurological functions
consisted of vision, autonomic function, pain, motor, sensory and cognition to establish baseline for
patients and understand disease characteristics. Life impact, including quality of life, ADL, coping
and social participation covered the social aspects of patients’ life living with neurological disorders.
Child development acts an independent core area as a specialised area in neurological disorder. This

is considered optional, as it will not be relevant across all conditions. The final framework for COS-
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Neuro is illustrated in Figure 2.
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Table 3: Improvement of core areas with human review

Initial core area

Improved core area

Rationale

Disease activity/progression

Disease-specific
activity/progression outcome

The domains in this category
focused primarily on seizure
activity and control, so disease-

Motor functions

specific activity was more

appropriate.
Neurological symptoms Pain Neurological symptoms and
Visual and ocular outcomes Sensory function visual/ocular outcomes were
Vision too broad as core areas, so it
Autonomic functions was  sub-categorising  into
Cognition different neurological functions

Health economics and health
service

Burden of disease and

economic impact

It was rephrased to healthcare
delivery as the domains also
consisted of adherence,
medication  appropriateness,
compliance  to  treatment,
education/support which were
not limited to economics and
services

Tiong et d

Quality of life

Quality of life
ADL

Coping

Social participation

QoL had been sub-categorising
into QoL, ADL, Coping and
social participation as the
domains covered a wide range
of patient-reported outcomes
which were vital in
neurological disorders

Rehabilitation outcomes
Perioperative and  surgical
outcomes

Treatment and

outcomes

process

The two core areas were
combined into  treatment
process and outcomes as they
were interconnected and
collectively  influenced the
treatment recovery.

Paediatric neurology outcome

Child
formation

development and

Paediatric might be easily
misunderstood as mixing up
with another speciality and the
domains such as preschool
attendance and performance,
engagement in school life were
more holistic approach into
children’s development

Functional
symptom disorder

neurological

Removed

FND is a diagnosis rather than
a core area.
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Table 4: Al-identified main domains based on clinicians agreed core areas and concept

Concept

Domains Core area

Disease and
Care
Activity

Time to return of full function

Return to work/activity

Complication and adverse event rates

Postoperative symptom duration

Treatment
Mobility improvement (e.g., walking, standing) process and

Surgical outcomes (operative time, incision length, scar) outcomes

Visual field assessment

Visual functioning

Eye alignment and movement (ocular motility)

Functional vision assessment

Visual fatigue and perception Vision

Migraine-specific pain

Pain due to abnormal sensation

General pain/discomfort Pain Neurolqgical
Walking and mobility function
Upper extremity function (e.g., grip strength, dexterity)
Balance and falls

Muscle strength (e.g., leg, arm)

Fine and gross motor skills Motor functions
Sensation and perception (e.g., paraesthesia, vibratory
perception)

Sensory function in genital and perineal areas Sensory

Neuroma formation functions
Cognitive functioning Cognition

https://preprints.jmir.org/preprint/76448 [unpublished, non-peer-reviewed preprint]
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Activities of daily living assessment

Self-care

Occupational role functioning
Ability to do daily activities
Alertness

Activities of
daily living

Life Impact

Nutrition, growth, a elopmental stat
Child physical and emotional health
Child's quality of life

Academic performance and school attendance

Developmental milestones
Caregiver quality of life Child Development
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Figure 2 Final framework for COS-Neuro. Four concepts (Orange) were identified; Disease
and Care Activity, Neurological Function, Life Impact and Child Development. These
mapped to 13 Core Areas (Green). QOL Quality of Life. ADL Activities of Daily Living.

COS-Neuro

Disease and Care

Activity Neurological

Child Development
(Optional)

Function

Disease- Burden of Treatment

Specific Disease and Process and

Activity Economic Outcome
Impact
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Discussion

There is growing awareness and emphasis on using COS in the design and conduct of
neurological clinical trials. This is evidenced by their increasing adoption (47% for clinical
trials, (Saldanha et al., 2024)), and development (48 COS currently in planning or ongoing
(COMET database on 26/03/2024)). That said, many neurological conditions remain

unrepresented.

With the assistance of LLMs, particularly ChatGPT, a robust conceptual framework for COS
in neurological disorders was developed based on the existing 112 COS available on COMET
database. A total of 4 concepts, 13 core areas and 75 domains were finalised following
consensus of clinicians. Given the varied presentation of neurological diseases, 75 domains
were identified to ensure comprehensive coverage of relevant aspects of disease impact.
Functional impairment as a concept could evaluate clinical progression over time and assess
effectiveness of therapeutic interventions. Neurological functions establish baseline for
patients and understand disease characteristics while patient-centred outcomes covered the
social aspects of patients’ life living with neurological disorders. Child development and
formation acts an independent concept/core area as a specialised area in neurological

disorders.

To our knowledge, COS-Neuro is the first project looking into development of ‘COS of COS’
in neurological disorders and representation of a significant advancement in the field of COS
and clinical research by integrating Al into process of thematic analysis. This study by (Lee et
al., 2024) has demonstrated ChatGPT’s ability to improve the efficiency in thematic analysis

with its ability to provide meaningful sets of codes and themes.

Traditional COS development requires manual qualitative data analysis which can be time
consuming and labour intensive due to large amount of textual data needed to explore
inductively to generate categories and explanations (Pope et al., 2000). The development of
Computer Assisted Qualitative Software (CAQDAS) such as MAXQDA, NVivo, ATLAS.Ti
or N6 was an important milestone in qualitative research to facilitate data analysis with
features such as character-based coding, rich text capabilities and multimedia functions.
While CAQDAS is efficient in data transcription and boost accuracy and speed of analysis,

it’s not widely used by qualitative health researchers (16%) because of the complexity in
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mastering them (Zamawe, 2015). These softwares also require paid subscription with
MAXQDA costing up to €220 yearly for single user (March 2025). The ability of LLMs to
rapidly process large datasets, identify patterns, generate common themes and summarise key
points significantly reduces the time, and resources require to establish COS (Naveed, 2023).
LLMs are mostly free to use and operate through plain text communication, making them
more intuitive than traditional software. However, prompt engineering is pivotal in
communication with LLM to ensure relevant, informative and accurate response. A well-
crafted prompt can significantly enhance capabilities of Al models (Amatriain, 2024). In this
study, prompts were designed and refined with close oversight on outputs by qualified

clinicians to optimise the outcomes of common themes.

Advantages and Challenges of Al integration

The integration of Al into thematic analysis offered several advantages:

Efficiency: Al significantly reduced the time required to analyse 782 domains extracted from
112 COS studies, generating 75 meaningful domains relevant to the core areas.

Consistency: ChatGPT demonstrated strong consistency in identifying common themes from
longlist of domains with rationale, improving inter-rater reliability.

Scalability: This study establishes a replicable method that extends beyond neurology,

providing a framework for Al-assisted COS development in other specialities.

There were 2 notable studies in medical research utilising Al to perform thematic analysis
(Kondo et al., 2024; Lee et al., 2024) and both studies suggested that ChatGPT could serve as
an assistive tool for thematic analysis to enhance qualitative research efficiency. However, at
the time of writing this article, Al-assisted thematic framework analysis has never been used

in development of COS to develop relevant themes based on longlist of domains.

Al-integration in thematic analysis presents unique challenges. One major issue is the
variability of Al output based on prompt design. Despite using identical dataset and prompt,
different LLMs will generate different outcomes due to difference in their underlying training
model (Naveed, 2023). Hence, all the three LLMs were given the same prompt to maintain
consistency. ChatGPT was chosen for final analysis due to its superior consistency and

domain relevance to themes as recognised by clinical expertise.

https://preprints.jmir.org/preprint/ 76448 [unpublished, non-peer-reviewed preprint]
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Researchers also faced with Al ‘hallucinations’ with possibility of inaccurate or misleading
information and missing themes or codes. They were addressed by using prompt engineering
to refined prompt input to ensure Al-assisted outcomes are reliable and meaningful (Aleksei
Turoboc, 2024) and assigning a clinician to lead the engineering and verify its output. LLMs
were prompted to provide rationale behind the outcome for clinicians to understand its
thought process to enable appropriate refinement. Combining Al-generated outputs with
clinicians oversight enable refinement of COS to better reflect real-world clinical priorities

(Bragazzi & Garbarino, 2024).

Limitations, Future Development and Implementation

While COS-Neuro represents a significant step towards standardisation of COS in
neurological disorders, clinicians have identified several limitations in this study. The datasets
used in this study were the outcomes from the existing 112 COS in neurological disorders.
The identified core areas were predominantly identified from existing COS, which may not

capture complexity of all neurological diseases.

Several important aspects of neurology should be considered in developing COS as
recognised by consensus among clinical experts. There seems to be a bias towards
demyelinating disease and epilepsy in disease-specific activity core area. Several
neurological diseases such as Parkinson’s, Motor Neuron disease, Alzheimer’s are not only

relapsing and remitting but rather progressive or stable. Recommendations to include

2 << b AN1Y

“worsening symptom burden,” “new symptoms,” “accumulation of neurological deficits” as
domains could capture wider range of neurological disease. Sleep could be incorporated as
well as part of core area with domains including sleep hygiene, sleep latency, insomnia and
acting out of dreams. Certain behaviours like hallucinations and delusions could also be
reflected as part of core areas given its common presentation in neurological diseases. These
domains or core areas were yet to be established as a COS; hence they were not included in

the considerations in COS development.

The decision to adapt the OMERACT Filter was pragmatic. Neurological disorders, like
rheumatological conditions, are complex and heterogeneous conditions. There are in fact
areas of overlap, e.g. neurological manifestations of vasculitis or connective tissue diseases. It
recognised that the Filter had been developed for a similar purpose, to improve content

validity in outcome selection for Rheumatological clinical trials, and formed via rigorous
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development and refinement, exemplified by its use, adoption and evolution over time. The
filter is a recommended resource within the COMET Handbook, a step-by-step guide on how
to develop a COS. (Kordkheili et al., 2024; Tunis et al., 2017; Williamson et al., 2017).

By leveraging Al-assisted thematic analysis and ongoing advancement of LLMs, future
iterations could refine and expand COS-Neuro to include underrepresented neurologic

disorders such as functional neurological disorders and rare neurogenetic syndrome.

Nevertheless, COS-Neuro can today serve as a conceptual framework to aid the development
of COS for other neurological disorders. It was the authors experience in developing a COS
for Degenerative Cervical Myelopathy, that consolidating and categorising a long and diverse
range of outcomes was challenging and would certainly have been supported by a conceptual
framework like COS-Neuro (Davies et al.,, 2024). COS Neuro can also assist trialists in
selecting appropriate outcome measures while designing trials, particularly for conditions that
lack standardised endpoint. Thus, by providing structured framework, it encourages trials
measure clinically relevant and patient-centred outcomes, comprehensively, thus improve
consistency and comparability across studies (Kirkham & Williamson, 2022; Williamson et

al., 2017).

Conclusion

A conceptual framework to inform the selection of outcome measures in neurological trials
and/or the development of neurological COS, has been created with assistance from LLM,
based on existing neurological COS and the OMERACT Filter 2.1. Of the LLM explored,
ChatGPT was considered most effective for this task. The semi-automatic nature of this
process can support future iterations of COS-Neuro, and/or application in other diseases,

providing a blueprint for ‘COS of COS’ development.
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Abbreviations

2023), Gemini 1.5 Flash

Acronym

Definition

COS-Neuro

Core Outcome Sets in
Neurological disorders

An ‘COS of COS’ initiative
supporting the development
of consensus in outcome
measurement for
neurological disorders.

COS

Core OQutcome Sets

An agreed standardised set
of outcomes that should be
measured and reported, as a
minimum, in all clinical
trials in specific areas of
health or health care.

OMERACT

Outcome Measures in
Rheumatoid Arthritis
Clinical Trials

www.omeract.org—An
initiative  supporting  the
development of consensus in
outcome measurement for
arthritis.

COMET

Core Outcome Measures in
Effectiveness Trials

https://www.comet-
initiative.org - An Initiative
in development and
application of agreed
standardised sets of
outcomes (COS)

TA

Thematic Analysis

Research method used to
identify and  interpret
patterns or themes in a data
set

Al

Artificial Intelligence

Technology that enables
computers and machines to
simulate human learning,
comprehension, problem
solving, decision making,
creativity and autonomy

https://preprints.jmir.org/preprint/ 76448

Tiong et d

[unpublished, non-peer-reviewed preprint]



JMIR Preprints

LLM

Large Language Models A type of artificial
intelligence algorithm that
uses deep

learning techniques and
massively large data sets to
understand, summarize,
generate and predict new
content

Concept

Overarching idea on important outcomes and guides
selection of core areas and domains

Core area

Distinct aspect of condition or intervention

Domain

Measurable variables or outcomes from COS

Outcome

A measurable change or result that can be used to assess the
effect of a health care intervention, condition, or disease

OMERACT Framework

A conceptual framework that helps identify the key areas
and domains of health that need to be measured, ensuring a
comprehensive approach to outcome measurement

OMERACT Filter

A tool used to assess and select the appropriate outcome
measurement instruments (questionnaires, scales, etc.) for
inclusion in the core outcome set.
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