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Introduction: Burn injuries profoundly affect multiple aspects of health-related quality of life (HRQoL). The Brief
Version of the Burn Specific Health Scale (BSHS-B) is commonly used to assess HRQoL in burn survivors. Linking
such tools to the International Classification of Functioning, Disability and Health (ICF) enhances data compa-
rability and standardisation for patients with burn injuries. However, linking process is often complex and time-
consuming. Large language models may support linking process and help streamline future linking studies in
burn rehabilitation.

Objectives: This study evaluated the feasibility of using ChatGPT-4o as a collaborative assistant in the ICF linking
process of BSHS-B items.

Methods: The study followed the refined ICF linking rules. In the first stage, two physiotherapists independently
linked the contents of BSHS-B items to ICF categories. When the two linkers disagreed, a third assigned the item
to a category. In the second stage, ChatGPT-40 guided by specialised prompting performed the same task ac-
cording to linking rules. In the content analysis, Cohen’s Kappa coefficient was computed to evaluate the con-
sistency between expert consensus and ChatGPT-4o-based linking. An agreement on item perspective analyses
was also conducted. Frequencies of identified ICF categories across major domains were reported descriptively.
Results: The agreement between linkers on ICF category assignment was fair (k = 0.41, p < .001), while ChatGPT
and expert consensus agreement was moderate (k = 0.55, p < .001). In the perspective analysis, agreement
between experts was fair (k = 0.21, p < .01), whereas ChatGPT demonstrated almost perfect agreement with
experts (k = 0.86, p < .001). A total of 25 ICF codes were identified, mainly in Activity Participation (52.11 %)
and Body Functions (40.85 %).

Conclusion: ChatGPT demonstrated substantial potential in the ICF linking process as a supportive tool. While not
replacing human expertise, ChatGPT may be able to reduce workload and facilitate ICF linking process.

1. Introduction the World Health Organisation (WHO). However, this linking process is
conceptually complex and time-consuming, often requiring consensus
among trained professionals [2].

The BSHS-B has emerged as one of the most validated and widely

Burn injuries represent a significant public health challenge, often
resulting in long-term physical, psychological, and social consequences

[1]. Instruments such as the Brief Version of the Burn Specific Health
Scale (BSHS-B) have been developed to measure the multifaceted impact
of burns on patients’ lives, especially their health-related quality of life
(HRQoL). To enhance the comparability and integration of HRQoL data
across healthcare systems and studies, these patient-reported outcomes
should be linked to standardised frameworks such as the International
Classification of Functioning, Disability and Health (ICF) developed by

used instruments to assess HRQoL in this population. Its strength lies in
the ability to measure objective physical impairments and subjective
emotional and psychosocial experiences, thus providing a holistic pic-
ture of the post-burn quality of life [1]. The scale has been validated in
numerous countries and translated into various languages, indicating its
global utility in research and clinical settings [3-5]. Although the
BSHS-B has previously been linked to the ICF framework in existing
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literature, its comprehensive nature, grounded in the biopsychosocial
model, makes it particularly suitable for testing methodological in-
novations in the linking process [6]. Given that it captures a wide range
of physical, psychological, and social functioning, the scale is an ideal
candidate for evaluating the potential role of artificial intelligence as a
collaborative assistant during the conceptual mapping. In this context,
our study does not aim primarily to replicate previous linking efforts,
but rather to explore the potential of ChatGPT as a collaborative assis-
tant during the ICF linking process. The complexity and richness of the
BSHS-B enable us to assess how a language model like ChatGPT can
make meaningful contributions to the conceptual mapping process.

The WHO encourages using ICF in various disciplines, including
health, education, social security, and social policy [7]. ICF is a useful
framework for collecting functioning information in rehabilitation, ed-
ucation, and research. The ICF linking process is crucial, providing a
standardised language for describing functioning and disability. It fa-
cilitates what the available instruments actually measure and how the
instruments measure certain outcomes, and also documents the data of
different outcome measurement methods in a standardised manner, and
compares the results of the different measurements [2]. The linking
process requires deep thinking and linguistic tasks. It has been applied
across various research areas, including systematic reviews, content
evaluation of outcome measures, qualitative data extraction, the Core
Set development process, and collecting functioning information from
patients in clinical settings through outcome measurements and history
taking processes. Despite some challenges, such as the time-consuming
linking process, the ICF has proven helpful in evaluating disabilities,
identifying treatment goals, and categorising environmental factors in
rehabilitation settings [8]. Particularly in systematic reviews, re-
searchers face a significant workload when linking large volumes of
information to the ICF framework, which can be a substantial burden.
For all these reasons, the linking process seems critical now and in the
future. The literature shows that the ICF linking methodology used in
outcome measures for burn rehabilitation is often conducted through
time-consuming processes involving experts [6,9]. One way to reduce
the workload in studies about burn injuries may be the integration of Al
into the ICF linking methodology. This approach could make conceptual
analysis faster and more efficient for future ICF-based studies in patients
with burn injuries. ChatGPT has shown potential to assist with cognitive
and linguistic tasks in healthcare research in recent years and uses a
deep neural network to generate human-like responses to user input
[10]. For this reason, the primary aim of this study is to evaluate the
potential of ChatGPT as a collaborative assistant in the ICF linking
process of the BSHS-B. In addition to previous studies, the secondary aim
is to identify which ICF domains are most frequently addressed by the
items of the BSHS-B.

2. Methods

This study was approved by the Non-Interventional Research Ethics
Committee of Hasan Kalyoncu University (2025/024, 07.01.2025). Ex-
perts and ChatGPT-40 conceptually analysed the items of the BSHS-B
according to ICF linking rules in this study. BSHS-B is a valid and reli-
able questionnaire [11]. The scales’ linking process was performed in
two stages, with the application of refined linking rules [2].

The Burn Specific Health Scale was initially developed in 1982 [11]
to assess quality of life in burn survivors. The initial version consisted of
369 items, later reduced to 114. [11]. This version was shortened to 80
items, forming the Abbreviated Burn Specific Health Scale [12]. Kildal
et al. refined the scale, developing the BSHS-B with 40 items in nine
well-defined domains, offering a valid alternative to previous versions
[13].

In the first stage, the linking process was conducted by three phys-
iotherapists (linkers) who participated in a learning tool recommended
by the WHO and had experience with the linking process according to
linking rules. Two experienced ICF linkers independently evaluated
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each item of the outcome measurement and assigned them to ICF cate-
gories according to established linking rules [2]. In cases where the two
linkers assigned different categories, a third expert was consulted to
resolve the discrepancy. The third expert independently reviewed the
item and assigned it to the most appropriate ICF category. This assign-
ment was accepted as the final consensus decision.

ChatGPT-40 was used in the scale items’ content analysis and linking
process in the second stage. A customised ChatGPT configuration was
employed to link scale items to the ICF categories. The system had a
specialised instruction set: "You are a researcher who specialises in the
linking process of the scale items according to ICF linking rules. Please
link the items of the BSHS-B to the appropriate ICF categories using the
linking rules document I uploaded in this project."” The AI model was
provided with two core reference documents: (1) Refinements of the ICF
Linking Rules to strengthen their potential for establishing compara-
bility of health information [2], and (2) a concise summary document of
the ICF Linking Rules (Appendix 1). Prompting strategies were designed
to ensure each questionnaire item was analysed regarding meaningful
concepts, response formats, and underlying perspectives, and linked to
the most appropriate ICF categories according to linking rules. The Al
assistant also followed coding conventions for items that were not
definable (nd), not covered (nc), or represented personal factors (pf),
thereby ensuring adherence to the methodological rigour established in
the literature.

In the first stage, experts carried out item perspective analysis and
response option analysis, while in the second stage, ChatGPT performed
the same tasks. Each scale item was evaluated in the perspective analysis
to determine whether it corresponded to a descriptive, appraisal, or
needs/dependency perspective. For each survey item, there was a single
response option. Subsequently, according to the linking rules, each
response option was evaluated to determine whether it reflected in-
tensity, duration, frequency, agreement, or a qualitative attributes
category by the experts and ChatGPT-4o.

2.1. Statistical method

All statistical analyses were performed using SPSS version 25.0.
Agreement was assessed in two phases: first, between the two inde-
pendent linkers (Expert vs Expert), and second, between the consensus
coding (including third expert input when applicable) and the ChatGPT-
supported results (Expert vs ChatGPT). The Pearson Chi-Square test was
used to identify any significant associations between the two methods,
while the Linear-by-Linear Association test examined whether a direc-
tional trend existed between the ordinal ratings. Cohen’s Kappa coeffi-
cient was computed to evaluate the consistency between the two scoring
methods beyond chance. Kappa values were calculated for overall
agreement across all items within each measure and interpreted using
standard thresholds: < 0 indicates no agreement, 0.01-0.20 slight,
0.21-0.40 fair, 0.41-0.60 moderate, 0.61-0.80 substantial, and
0.81-1.00 almost perfect agreement.

Descriptive statistics were used to calculate the frequency and per-
centage distribution of the identified ICF categories across the main ICF
domains (Body Functions, Body Structures, Activities and Participation,
and Environmental Factors). The analysis was based on absolute counts
and relative proportions, summarising how frequently each category
was linked to the scale items.

3. Results

In this study, inter-rater agreement analyses were conducted across
various tasks involving human experts and ChatGPT-4o in the process of
linking scale items to the ICF categories. The agreement of linkers was
evaluated using Cohen’s Kappa and complementary statistical tests. In
the first phase of the linking process, the number of concepts and cor-
responding categories derived from the items was 58, whereas in the
second phase, the number of concepts and corresponding categories was
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75.

A fair level of agreement was observed when comparing two phys-
iotherapists in identifying the most relevant ICF categories for 58 con-
tents in the items (Cohen’s k = 0.41, p < .001). The Pearson Chi-Square
analysis (32(400) = 860.33, p < .001) and the Linear-by-Linear Asso-
ciation test (p < .001) also confirmed a statistically significant pattern of
concordance between the linkers (Table 1).

A separate analysis involving expert physiotherapists and ChatGPT
for 75 contents yielded moderate agreement (Cohen’s k¥ = 0.55,
p < .001). This was again supported by significant associations in the
Pearson Chi-Square test (¥2(550) = 1297.01, p < .001) and the Linear-
by-Linear Association (y2(1) = 11.91, p = .001), suggesting structured
similarities in coding behaviour (Table 1).

In analysing the perspectives underlying the scale items, 40 items
were independently evaluated by two human linkers to classify them
into descriptive, appraisal, or needs and dependency perspectives. The
results indicated a fair level of agreement (Cohen’s k = 0.21, p = .01),
with significant outcomes from both Pearson Chi-Square (}2(2) = 25.45,
p < .001) and Linear-by-Linear Association tests (x2(1) = 18.25,
p < .001), pointing to directional consistency (Table 1).

Further analysis was conducted to compare the classifications pro-
vided by ChatGPT with the consensus decisions made by human experts
regarding the perspectives. A high level of agreement was observed in
this comparison (Cohen’s k = 0.86, p < .001). Supporting this, all chi-
square-based measures, including Pearson Chi-Square (y2(1) = 30.61,
p < .001) and Linear-by-Linear Association (y2(1) = 29.85, p < .001)
yielded significant results, suggesting that ChatGPT’s perspective clas-
sifications were highly consistent with expert consensus. In addition, the
classification of response options showed complete agreement between
both human experts and ChatGPT (Table 1).

Through the linking process, 25 ICF codes were identified for the
content analysis of the scale items. Most codes fell within the domains of
activities and participation (52.11 %) and body functions (40.85 %).
Notably frequent categories included b152 (Emotional functions,
26.8 %), d440 (Fine hand use, 7.0 %), and d520 (Caring for body parts,
7.0 %), underscoring the relevance of psychosocial and motor domains
in the structure of the scale (Table 2).

Based on the perspective analysis of the questionnaire items, it was
determined that items 1-9, which are phrased as "How much difficulty
do you have...?", reflect an actual difficulty experienced in everyday
activities and were therefore categorised under the descriptive
perspective. In contrast, for the section introduced with the statement
"To what extent does each of the following statements describe you?",
the perspective of the items was generally classified as appraisal.

Table 1

Inter-rater agreement between human-Al and human-human ICF linkers for
determining ICF categories, perspectives of the items and classification of the
response options.

The task of the Research Expert vs. Expert Expert vs. ChatGPT

(n = 58) (n =75)
Determining the most relevant
ICF category
Cohen’s Kappa 0.41 0.55
Standard Error (SE) 0.06 0.06
p-value <.001 <.001

Pearson Chi-Square (df)
Linear-by-Linear Association

860.33 (400)
32.26 (p < .001)

1297.01 (550)
11.91 (p = .001)

Likelihood Ratio 239.50 344.91
Perspective analysis n =40 n =40
Cohen’s Kappa 0.21 0.86
Standard Error (SE) 0.06 0.09
p-value 0.017 <.001
Pearson Chi-Square (df) 25.45 (2) 30.61 (1)

Linear-by-Linear Association 18.25 (p = .000) 29.85 (p < .001)
Likelihood Ratio 24.88 32.22

“Expert vs Expert” shows the initial agreement between the two linkers. “Expert
vs ChatGPT” shows the agreement between the final consensus and ChatGPT.

Burns 51 (2025) 107609

Table 2
Linking results of the scale to the International Classification of Functioning,
Disability, and Health categories according to linking rules.

ICF Category n %
Body function-related categories, n (%) 29 40.85
b130 Energy and drive functions 1 1.4
b152 Emotional functions 19 26.8
b180 Experience of self and time functions 4 5.6
b270 Sensation of pain 1 1.4
b640 Sexual functions 3 4.2
b840 Sensation related to the skin 1 1.4
Body structure-related categories, n (%) 1 1.41
5810 Structure of areas of skin 1 1.4
Activity-related and participation-related categories, n (%) 37 52.11
d1700 Writing 1 1.4
d230 Carrying out daily routine 1 1.4
d410 Changing basic body position 1 1.4
d440 Fine hand use 5 7.0
d445 Hand and arm use 1 1.4
d510 Washing oneself 1 1.4
d520 Caring for body parts 5 7.0
d540 Dressing 2 2.8
d550 Eating 1 1.4
d710 Basic interpersonal interactions 1 1.4
d750 Informal social relationships 2 2.8
d760 Family relationships 4 5.6
d770 Intimate relationships 1 1.4
d799 Other interpersonal interactions and relationships 1 1.4
d845 Acquiring, keeping and terminating a job 4 5.6
d850 Remunerative employment 4 5.6
d920 Recreation and leisure 2 2.8
Environmental factor-related categories, n (%) 4 5.63
€225 Climate 4 5.6

Although some items pointed to limitations in daily life, they primarily
captured the individual’s subjective appraisal, including perceived
dissatisfaction and introspective evaluation, rather than a description of
functional difficulties. All items employed the same response format;
thus, the response options were classified as intensity according to the
linking rules.

4. Discussion

ChatGPT-40 has achieved a significant level of agreement with
human linkers. These results suggest that ChatGPT has the potential to
assist linking processes or ICF-based documentation. Using Al in such
structured health classifications could reduce cognitive load and
improve standardisation, especially considering the time constraint.
However, despite the hopeful level of agreement, several inconsistencies
reinforce the importance of continued human oversight.

Recent literature has explored the potential of ChatGPT in the
research area. ChatGPT can assist with various tasks, including literature
reviews, data analysis, and manuscript drafting [10]. It has been used to
summarise expert panel discussions, though human involvement re-
mains crucial for contextualization and nuance [14]. In clinical settings,
ChatGPT can aid in patient inquiries, note-writing, and decision support
[15]. In previous studies, ChatGPT has been used in thematic analysis in
qualitative studies [10]. To the best of our knowledge, there has been no
study investigating the usability of ChatGPT in the ICF linking process so
far.

Recent studies have shown that ChatGPT has the potential to provide
answers to user questions about burn management that are in line with
professional guidelines. In a previous study, ChatGPT’s answers were
questioned by experts and found to be of high quality. These results
suggest that ChatGPT may play a role as a complementary tool in
medical decision-making [16]. Theoretically, given the increasing
amount of digitally collected medical data, natural language processing
tools can assist healthcare professionals in clinical decision-making and
significantly improve the quality and efficiency of healthcare [17]. A
study investigating the performance of ChatGPT in medical coding
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revealed that it showed greater proficiency in diagnosis codes than
procedure codes for ICD-10-CM/PCS coding. Given the ease of access to
these tools, this research has shown that ChatGPT can assist the medical
coder. However, it is emphasised that further development of artificial
intelligence methods is needed for the reliability and validity of the
results [18]. A recent study evaluating the clinical use of ChatGPT-4 in
rehabilitation medicine demonstrated that AI can rapidly generate
relevant ICF categories and structured rehabilitation plans in a stroke
case. The findings support the potential of large language models in
assisting ICF-based documentation and decision-making by reducing
time burden and enhancing standardisation. In this previous study, two
licensed Physical Medicine and Rehabilitation clinicians reviewed the
rehabilitation prescriptions and ICF codes generated by ChatGPT-4 for a
stroke case. However, the study did not employ statistical validation
methods such as Cohen’s kappa to quantify inter-rater reliability or
agreement levels. The evaluation focused on the clinicians’ assessments
of the Al-generated outputs [19]. Unlike earlier studies relying solely on
expert opinion, our study statistically confirmed the consistency be-
tween ChatGPT and human linkers using Cohen’s Kappa. This highlights
the model’s reliability in documenting patient-related concepts within
the ICF framework and supports its potential for standardised rehabili-
tation practices.

In the first step of the linking process, a low level of agreement was
found between the experts in the linking process carried out indepen-
dently. This is expected results because individual linkers may interpret
the items differently according to their experience and clinical back-
grounds. As in the previous study, low agreement was largely due to
linkers’ differences in interpreting the additional concepts of the item
and choosing a different code with a similar meaning for the item [20].
With this in mind, a third consensus-building linker is included in the
linking methodology. One of the most important findings of this study
was that ChatGPT showed a higher level of agreement with ICF codes
derived through expert consensus than the level of agreement observed
between two separate experts. This result may indicate that the outputs
of ChatGPT regarding ICF linking task are not random, but systematic
and predictable. In this respect, it is considered to have the potential to
be a reliable support tool in Core Set development processes and sys-
tematic documentation of health-related data according to ICF in the
future. The involvement of artificial intelligence in the linking process is
expected to reduce both the time and the number of experts. The fact
that ChatGPT supported linking is highly compatible with expert
consensus is an indication that large language models will make sig-
nificant contributions to the development of Core Sets in the literature
the standardised collection of patient data in the clinic. It was found that
human linkers demonstrated lower agreement during the perspective
analysis phase compared to the conceptual analysis. This discrepancy
may be explained by the fact that experts performed perspective ana-
lyses less frequently in their practice and therefore had less experience
with this type of task. Nevertheless, similar to the findings in the con-
ceptual analysis, the experts’ final consensus decisions during the
perspective analysis demonstrated a high level of agreement with
ChatGPT’s classifications. This high agreement may be partly attributed
to the structure of the perspective analysis task, which required selection
from only three predefined options: descriptive, appraisal, or needs/-
dependency perspectives. The limited number of response options likely
facilitated more consistent and accurate classifications by the Al model.
ChatGPT also classified the responses under the same option as the
linkers.

In the previous systematic review, there was no information on
which specific ICF categories each questionnaire item of BSHS-B corre-
sponded to; however, the review did provide information on which
general ICF domains were addressed by the scale [6]. Although the
primary aim of this study was not to re-link the questionnaire items, it
contributes to the literature by presenting data on the frequency with
which the identified ICF categories appear across the questionnaire
items and by including a perspective analysis of the items. The findings
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about the content analysis indicate that the scale predominantly reflects
aspects of individual functioning, particularly in the body function
domain and activity participation domains. Emotional function was the
most identified category in the body functions domain. Mobility,
self-care, interpersonal relationships, and major life areas were the
categories that were identified the most in the activity-participation
domain.

ChatGPT may encounter difficulties identifying additional concepts
in items requiring deep clinical insight. Rarely, it may fail to recognise
categories that are considered simple. However, the decision-making
process is generally in line with experts. Our findings suggest that
ChatGPT should not replace human linkers, but can serve as a supportive
tool that improves the efficiency of the ICF linking process, especially in
terms of time. With its high level of agreement and time-saving poten-
tial, ChatGPT can be a valuable digital assistant in the ICF linking pro-
cess. It can support collaborative mapping and help novice researchers
better understand complex content in the outcome measures.

In this study, we followed the ICF linking rules and did not use
additional methods such as training ChatGPT with feedback. Since
language models like ChatGPT can learn from feedback, future appli-
cations that include feedback mechanisms may further improve its
performance in linking tasks. This study represents the first attempt to
employ ChatGPT as a collaborative research assistant in the ICF linking
process. The BSHS-B was considered a suitable tool because it aligned
with a biopsychosocial perspective. While linking explicit some concepts
may be relatively straightforward, this study provided an opportunity to
evaluate the ChatGPT’s performance in handling more complex con-
structs involving biological, social, psychological, and environmental
factors. A key limitation of the study is that it utilized only a single large
language model. Future studies may benefit from comparing multiple
language models. Previous studies about ICF linking often used two or
three linkers to balance methodological rigor with practicality [2,6].
Our study followed this proven approach to ensure reliable,
consensus-based results. Recently, structured techniques like the Delphi
method have also been used to improve agreement in complex outcome
measures [21]. Incorporating the Delphi method, which engages a larger
group of experts, may help evaluate the full potential of ChatGPT in
future studies. Our findings indicate that ChatGPT may assume a more
autonomous role, particularly during the initial stages of the linking
process. For broader and more effective application of large language
models in future research, ongoing updates and training with diverse
datasets will be crucial. The rapid development of these models is likely
to further support and accelerate this progress.

This study represents the first quantitative assessment of the utility of
ChatGPT in the context of ICF linking and suggests ways to integrate Al
into health classification methodologies. Future research could explore
its potential for collecting data on ICF-based functioning for patient with
burn injuries.

5. Conclusion

The study results showed that ChatGPT-40 can be a supportive tool in
the ICF linking process. Its compatibility with expert consensus
demonstrated that it offers a reliable approach. Although ChatGPT does
not replace human expertise, it can reduce the workload in Core Set
studies, collect information on ICF-based functioning from patient
statements in qualitative studies, and facilitate standardisation in ICF-
based documentation in patients with burn injuries.
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