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Abstract

Background: Chronic pain, affecting morethan 20% of the global popul ation, has an enormous perniciousimpact onindividuals
as well as economic ramifications at both the health and social levels. Accordingly, tools that enhance pain assessment can
considerably impact people suffering from pain and society at large. In this context, assessment methods based on individuals
personal experiences, such aswritten narratives (WNs), offer relevant insightsinto understanding pain from apersonal perspective.
Thisapproach can uncover subjective, intricate, and multifaceted aspectsthat standardized questionnaires can overlook. However,
WNs can be time-consuming for clinicians. Therefore, atool that uses WNs while reducing the time required for their evaluation
could have a significantly beneficial impact on peopl€e's pain assessment.

Objective: This study is the first evaluation of the potentia of applying large language models (LLMs) to assist cliniciansin
assessing patients’ pain expressed through WNs.

Methods: We performed an experiment based on 43 WNs made by people with fibromyalgia and qualitatively evaluated in a
prior study. Focusing on pain severity and disability, we prompt GPT-4 (with temperature parameter settings O or 1) to assign
scores and scores’ explanations, to these WNSs. Then, we quantitatively compare GPT-4 scores with experts' scores of the same
narratives, using statistical measures such as Pearson correlations, root mean squared error, the weighted version of the Gwet
agreement coefficient, and Krippendorff a. Additionally, 2 experts specialized in chronic pain conducted a qualitative analysis
of the scores’ explanation to assesstheir accuracy and potential applicability of GPT’sanalysisfor future pain narrative evaluations.

Results: Our analysis reveals that GPT-4's performance in assessing pain narratives yielded promising results. GPT-4 was
comparable in terms of agreement with experts (with a weighted percentage agreement higher than 0.95), correlations with
standardized measurements (for example in the range of 0.43 and 0.49 between the Revised Fibromyalgia |mpact Questionnaire
and GTP-4 with temperatures 1), and low error rates (root mean squared error of 1.20 for severity and 1.44 for disability).
Moreover, experts generally deemed the ratings provided by GPT-4, aswell asthe scores’ explanation, to be adequate. However,
we observe that GPT has a slight tendency to overestimate pain severity and disability with alower SD than expert estimates.

Conclusions: These findings underline the potential of LLMsin facilitating the assessment of WNs of peoplewith fibromyalgia,
offering a novel approach to understanding and evaluating patient pain experiences. | ntegrating automated assessments through
LLMs presents opportunities for streamlining and enhancing the assessment process, paving the way for improved patient care
and tailored interventions in the chronic pain management field.
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Introduction

Chronic pain poses awidespread challenge, affecting morethan
20% of the global population [1-4]. Such kinds of pain are
associated with restrictionsin daily activities, disrupting normal
functionality, and diminishing the overall quality of life. Its
repercussions extend to disruptions in familial, professional,
and social domains [3]. Additionally, persistent pain is often
linked to mental health issues, such as depression or anxiety
disorders [5]. As reported in several studies [6,7], pain is one
of the main reasons for medical consultations, and people with
chronic pain use a high quantity of health care services
(especially those with disabling pain problems). Accordingly,
pain significantly contributesto the demand for medical services,
imposing a noteworthy economic burden on both, individuals
experiencing the pain and society at large. Therefore, the
economic ramifications at both the health and social levelsare
substantial. For example, estimates suggest that in Spain alone,
the annual total cost, encompassing both direct and indirect
expenses, could reach €16 billion (US $17.27 billion) [8].

Tools that enhance the assessment to understand better people
with pain experiences are essential. Only with an adequate
assessment, it is possible to determine the best intervention
approach for each person and to evaluate the effects of
interventions. Along these lines, standardized instruments
(mainly self-reported measures) and established procedures
exist that are available and recommended for routine assessment
of people with pain. More specifically, experts recommend
taking into account different domains (eg, pain severity,
interference with daily activities, emotional functioning), and
using some specific self-report measurements[9,10]. However,
self-reported measures are limited to a specific domain and
cannot capture the subjectivity of the pain experience. For this
reason, assessment procedures based on people's own
experiences have been claimed as val uable better to understand
the pain experience from a personal lens. In fact, a qualitative
approach can capture subjective, intricate, and multifaceted
detailsthat standardized questionnaires can fail to capture [11].
Intheend, painisawaysaninternal and subjective experience,
providing qualitative reports with richer content to understand
globally this subjective experience from the observer’s point
of view [12].

In this context, the narrative methodology holds significant
potential in understanding the experiences of individualsliving
with pain [13]. This methodology allows researchers and
clinicians to glean insights from individuals' persona stories,
allowing them to highlight crucial aspects of their perspectives
by using their own words [14,15]. Examples of prior studies
using narrative methodology included the study by Noel et al
[16] who interviewed parents of young people with chronic
pain, using a mixed pain sample to extract and analyze the
patient’s narratives. Similarly, Meldrum et a [17] conducted a
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narrative analysis with semistructured interviews with children
experiencing chronic pain, both at preintervention and 6-12
months post clinic intake. The use of narrative methodology
has extended to written texts as well. McGowan et al [18]
solicited written narratives (WNs) from women with chronic
pelvic pain, while Dysvik et a [19] examined WNs from
individuals with chronic pain 6 years after completing a pain
management intervention. More recently, WNs were used to
explore the experience of children with functional abdominal
pain and their parents [20], adults with neck or back pain [21],
and peoplewith fibromyalgia[22]. In arelated manner, Kathan
et al [23] used a qualitative survey in which people were asked
to respond to questions about pain acceptability by using their
own words.

The growing interest in WNSs is mainly due to the fact that
asking for writing content to people suffering from a condition
offersdistinct advantages over oral inquiries. Primarily because
writing facilitates the organization of ideas related to complex
emotional experiences such as pain [24]. Additionally, WNs
offer a time-efficient way to explore the subjective nature of
pain, as individuals can complete the writing outside of health
care consultations, making it an accessible initial approach to
this complex phenomenon [20]. However, on the other hand,
analyzing the content expressed by people with pain can be
time-consuming for clinicians and researchers. For this reason,
this study exploresthefeasibility of using artificial intelligence
(Al) and in particular large language models (LLMs) to assess
WNs of people with chronic pain.

Al has been used in the assessment of the pain field in some
studies, as presented in the recent review by Abd-Elsayedin et
a [25]. In this review, studies were found to address the
following purposes: (1) diagnostic aid, (2) modeling pain
progression, (3) predicting pain treatment response, and (4)
improving treatment and pain maintenance. To achieve these,
most of the studies used machine [earning techniques. Although
none of the reviewed studies used LLMs, there are few works
available using them for pain research. Vaid et a [26], used
locally running, privacy-preserving LLMs capable of following
plain language instructions to extract characteristics of
musculoskeletal pain (such as location and acuity) from a
heterogeneous collection of unstructured clinical notes. The
study used multiple patient notes, coded by 2 health care
professionals, and found great precisions of the system in
classifying pain location and acuity. In another study, Shrestha
et al [27] tested the responses of GPT to clinical questions and
recommendations based on an established clinical guideline.
They found that the system was able to make clinical
recommendationsfor low back pain, although it was not exempt
from errors. Inthe sameline, Gianolaet al [28] tested the ability
of GPT against clinical practice guidelines to answer clinical
questions about lumbosacral radicular pain. They found negative
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results since the internal consistency was low, as well as the
precision to follow the clinical guidelinesfor recommendations.

Using LLMs for the assessment of WNSs provides several
advantages, such as decreasing assessment time for clinicians
—where LLMs serve as clinician assistants—and allowing
language flexibility—meaning our methodol ogy can be applied
to various languages. This study can contribute to the open
debate about the potential application of LLMsfor health. While
there is existing literature supporting benefits such as the
capabilities for analyzing massive data, there are also studies
showing disadvantages such as inaccuracies with the use of
LLMs[29].

To evaluate LLMS' capacity to assess pain narratives we used
the narratives provided in Serrat et al [22]. In our investigation,
GPT-4 was used to assign scores, as well as the scores
explanation, for pain severity and disability as expressed in the
narratives. Subseguently, we conducted a quantitative analysis
by comparing these scoreswith expert ratings reported by Serrat
et a [22], using Statistical measures such as Pearson correlations,
root-mean-squared error (RM SE), the weighted version of Gwet
agreement coefficient (Gwet AC2) [30], and Krippendorff o
[31]. Additionally, a qualitative analysis of the scores
explanation was performed by consulting 2 experts specialized
in chronic pain, who evaluated the accuracy of GPT's pain
assessment and its potential use for future pain WNs
assessments. Altogether, the primary contribution of this paper
is its pioneering exploration of applying LLMs for WN
assessment, validated through both automatic and human
evaluation methods. To the best of our knowledge, this paper
isthefirst attempt at using LLMsto assess pain WNSs.

Methods

Procedure

This study uses participant data from a previous qualitative
study [22], which explored the value of WNsfor understanding
the experience of people with fibromyalgia. Specifically, we
used patient WNSs, their assessments by 2 experts, and patient
answers on standardized questionnaires to reanalyze the data
using GPT-4 and compareits outcomeswith the previous resuilts.
We have chosen GPT-4 as it is widely considered the
state-of-the-art proprietary LLM model, which has been
successfully applied in several medical contexts. See, for
example, arecent study by Goh et a [32] on the use of GPT for
diagnostic reasoning.

Dataset

A total of 46 people completed the WNstask in Serrat et a [22].
Theinclusion criteriafor these participantswere (1) fulfillment
of the 2010/2011 American College of Rheumatology
Fibromyalgia diagnostic criteria[33] and (2) age of 18 yearsor
older. The exclusion criteria were having terminal illnesses or
programmed interventions that might interrupt the study.

In this study, we selected data from 43 participants, that is, the
ones written in Spanish (3 participants who did the task in a
different language were excluded). They were requested to write
about their pain experiences with the objective of capturing
their personal viewpoints. A sheet was provided to participants
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informing them about that, and the following cues/points to
compose the narrative were provided as follows.

«  Describe your pain now and how you manage it.

- Describe your pain over time: how it began, if it has
changed or stayed the same, and what has affected changes
over time.

«  Describeyour feelings and how pain has made you feel (in
the family, work, and social contexts) over time.

«  Describe how pain has affected your daily life over time.

«  Describe whether pain has affected the way you see your
future and the things you would like to do.

« Describe the treatments you have followed and what
effect(s) they have had.

Participants were explained that these cues were just tentative,
and they could choose what to explain. They were given the
option to complete the task in the language most comfortable
and convenient for them and to write by hand (in this case WNs
were transcribed for the analyses) or by using digital methods
[22]. Participants were also asked to complete the following
guestionnaires.

« Revised Fibromyalgia Impact Questionnaire (FIQR): A
20-item questionnaire that measures functional impairment
over the last 7 days. It has 3 dimensions. physical
dysfunction (scores from 0 to 30), overall impact (scores
from O to 20), and intensity of symptoms (scoresfrom O to
50). The total sum of these scores ranges from 0 to 100,
and higher scores indicate a greater impact. The Spanish
version shows adequate internal consistency (Cronbach
0=0.93) [34].

- Hospital Anxiety and Depression Scale (HADS): A
commonly used questionnaire that evaluates the severity
of anxiety and depression symptoms by 2 scales (each
consisting of 7 items). Scores on each scale range from 0
to 21, with higher scores indicating greater severity of
symptoms. The Spanish version has shown adequateinternal
consistency both for anxiety (Cronbach 0=0.83) and
depression (Cronbach a=0.87) subscalesin individualswith
fibromyalgia[35].

« Tampa Scale for Kinesiophobia: A scale composed of 11
items, to be answered on a 4-point Likert scale. The scale
quantifies fear of movement, injury, or reinjury. Its total
scores can rangefrom 11 to 44, where higher scoresindicate
agreater fear of pain and movement. The Spanish version
shows adequate internal consistency (Cronbach a=0.79)
[36].

In Serrat et al [22], 2 independent reviewers (with expertise in
pain, 1 psychologist and 1 physiotherapist) assessed the level
of severity and disability expressed in the WNs on ascale from
O=indicating absence to 10=representing maximum levels. To
ensure consistency in their evaluations, severity was defined as
“the perceived magnitude of fibromyalgia concerning pain and
overall suffering conveyed in each participant text.” Disability
was defined as “the perceived extent to which fibromyalgia
disrupts the usual activities and life of the writers.”
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Ethical Consider ations

Our analysis uses anonymized data from the study by Serrat et
al [22]. They received ethical approva for performing their
study from the ethics committee of the Vall d’ Hebron Hospital,
Barcelona (reference: PR[AG]99/2022). Participantswere asked
first to complete the FIQR, HADS, and Tampa Scale for
Kinesiophobia self-reported measurements and then to write a
WN to describe their pain experience. Participantsin the Serrat
et a [22] study were asked for their informed consent, according
to which the collected data could be used only for research
purposes. No compensation was provided to the parti cipants by
Serrat et a [22] study nor for the human evaluation performed
in this study.

Experiments With GPT

We tasked GPT-4 to evaluate the WNs one by one. Specifically,
we prompted GPT-4 to provide a score for pain severity and
disability, aswell as an explanation for the scores. Both scores
were requested on a scale from 0 to 10 to compare with human
assessments performed by Serrat et al [22]. Pain severity and
disability are among the main outcome variables assessed in
the pain field, and 11-point scales are, as recommended by
experts[9,10], used frequently in the field.

Textbox 1. GPT-4 prompts used for the experiment.

Amidei et a

To test the stability of these responses, we repeat the experiment
with GPT-4 10 times. Both the scores of the 10 trials and the
explanations (randomly chosen from one of thetrials) werethen
used for the evaluation phase. The specific prompting strategy
used is displayed in Textbox 1 and was performed with
automated calls to the OpenAl APl with model
gpt-4-0125-preview.

The prompt includes the following instructions.

« Analyze patient narratives written in Spanish.

- Score each narrative on a scale from 0 to 10 for both
severity and disability.

«  Provide explanations for each scorein English.

- Pay attention to factorsthat might reduce perceived severity
or disability, such as coping mechanisms or support
systems.

We performed experiments between April 22, 2024, and April
24, 2024 with 2 different values for GPT's temperature
parameter. This parameter allows controlling the randomness
in the answers of the LLMs. We use O=less randomness and
1=average randomness, the latter is the default value of GPT-4.

As an expert psychologist specializing in evaluating pain in patients diagnosed with fibromyalgia, you are tasked with analyzing patient narratives
about their pain and then scoring them on a scale from O (indicating no severity or disability) to 10 (indicating maximum severity and disability).
These patients' explanations about their pain and how they feel it are all written in Spanish. The level of severity is defined as the perceived intensity
of pain and overall suffering. Disability is defined as the extent to which fibromyalgia hinders patients’ usual activities and quality of life and isto be
rated based on your interpretations of the patients’ texts. Scores should accurately reflect the severity and disability levels described in patient narratives
without inflation. A holistic evaluation capturing the complexity of experiencesis crucia. Pay attention to phrases indicating coping mechanisms,
resilience, or mitigating factors that may reduce perceived severity or disability. Consider contextual understanding, including coping strategies,
support systems, and adaptive behaviors, which may mitigate perceived severity and disability. Your role involves receiving a patient’s narrative,
enclosed within triple slashes, and analyzing it. You are expected to return your analysis in JSON format, with the following keys: “ severity_score”
providing the scoresfor severity ranging from O to 10, “disability_score” providing the scoresfor disability ranging from 0 to 10, “ severity_explanation”
providing an in English explanation for the severity score and “ disability_explanation” providing an in English explanation for the disability score.

temperature 1. Then we asked the 2 experts, first to read the

Expert Evaluation original narratives, the scores, and their explanations given by

We asked two pain management and assessment experts to
analyzethe scores given by GPT-4 and the corresponding textual
explanations by using Qualtrics. Although they form part of the
list of authors of this paper, they only were aware of the general
objective of the study and the instructions provided for their
task. After doing their task, they were given access to al the
details of the study and the manuscript. They performed the
task between April 26, 2024, and May 3, 2024. Specifically,
we randomly chose 1 trial out of the 10 performed with GPT-4

GPT-4 (Textbox 2) for pain severity and disability. Second to
assess on a 7-point scale (from strongly disagree to strongly
agree) to what extent the explanation: (1) could have been
written by apsychologist expert in fibromyalgia, (2) adequately
represents the scores for severity or disability, and (3) they
would use the score and explanation provided by GPT-4 for
patient assessment. An example of the evaluation task given to
the experts can be seen in Multimedia Appendix 1. Each expert
was blinded to the assessment made by the other expert.

Textbox 2. Example of GPT-4 (temperature 1) explanation for a pain severity score of 4.

Originally, the patient experienced high levels of pain rated between 8 and 9, indicating a severe impact on their life due to fibromyalgia. However,
through their own research and changes in lifestyle and treatment approaches, they have managed to reduce the frequency and intensity of their pain
flare-ups to 1 or 2 days and the pain level to between 3 and 4. This significant improvement suggests a reduction in the severity of their condition,
despite the initial diagnosis and challenges. Their proactive approach to managing their condition, including dietary changes and avoiding certain
environmental factors, has effectively reduced the severity of their symptoms.

(for pain disability and pain severity) with experts’ scores (from
Serrat et a [22]) and a naive baseline predictor (which always
predicts the average experts' score) using three strategies: (1)
interannotator agreement (IAA) to quantify the agreement
between GPT-4 and the experts; (2) RMSE to measure the

Evaluation

We performed a 4-stage analysis. First, we used SD analysisto
test the stability of assessments given in 10 trials by GPT-4 for
pain severity and disability. Second, we compared GPT-4 scores
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average squared differences among GPT-4, expert scores, and
the naive baseline; and (3) mean absolute error (MAE) to
determine if GPT-4 systematically overestimates or
underestimates the expert scores (ie, if GPT-4 exhibits bias).
| AA was assessed using 4 coefficientsto ensure datareliability:
percent agreement, weighted percent agreement (a weighted
version of percent agreement that takesinto account the ordinal
nature of the data), Krippendorff a [31], and Gwet AC2
coefficient [30].

Third, we compute descriptive statistics (in IBM SPSS) for the
experts' evaluation of the GPT-4 assessments, as well as IAA
(in this case, Krippendorff a was not reported because of the
significant imbalance in scores, particularly toward the higher
end). Fourth, wetested correlations between GPT-4 assessments,
expert assessments, and standardized pain measurements [22].
Fifth, we used statistical tests, in particular, 2-tailed t tests (in
SPSS) and z scores, (implemented in Python, Python Software
Foundation) to test for significant differences between some of
our results.

Regarding stage 2 strategy 1, we chose to use four agreement
coefficients to ensure more robust results when reporting the
IAA. While percentage agreement gives an indication of araw
agreement among annotators, weighted percentage agreement
provides insight into the degree of difference between scores
when annotators disagree. On the other hand, Krippendorff o
accountsfor the possibility that disagreement among annotators
may occur by chance. Gwet AC2 further refinesthisby limiting
the pool of items that would lead to an agreement by chance.
Asaresult, Gwet AC2 reports more accurate agreement in the
case of imbalance annotation, that is, those annotations where
some scores are little or not used. Our experiments show an
imbalance in ratings towards higher categories (6-10), making
the use of Gwet AC2 coefficient more suitable dueto possibility
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of theinteranimation prevalence paradox [37]. The metricsused
in strategy 1, as well asthe metrics used in the other strategies
of stage 2, have been calculated using Python. In particular, the
scikit-learn package was used for error measurement, and the
irrCAC library [38] to measure the coefficients of agreement.
The weighted percent agreement, Krippendorff a, and Gwet
AC2 coefficient were measured with ordinal weight. For more
details on how the ordinal weights are computed, we refer to
the book Handbook of Inter-Rater Reliability: The Definitive
Guide to Measuring the Extent of Agreement Among Raters,
4th Edition [30].

Results

GPT-4 Assessment Stability

Themean and SD for pain severity and disability were assessed
for 10 trials at 2 different GPT-4 temperatures (0 and 1). At
temperature 0, the mean severity scorewas 8.13 (SD 1.09) and
the mean disability score was 7.25 (SD 1.28). At temperature
1, the mean severity score was 8.08 (SD 1.02) and the mean
disability score was 7.33 (SD 1.32). These results suggest
stability in both pain severity and disability across the different
10 trials and temperatures.

If we compare them with the average score of 2 human experts
from Serrat et al [22], we observethat GPT hasadlight tendency
to overestimate the pain level and a lower SD. The mean for
severity was 7.42 (SD 1.38) for expert 1 and 7.30 (SD 1.72) for
expert 2, while the mean for disability was 7.00 (SD 2.12) for
expert 1 and 6.95 (SD 2.05) for expert 2. This difference also
becomes visible when comparing the distribution of the
individual scoresasdepicted in Figure 1 for severity and Figure
2 for disability. GPT eval uations show amore expressed mode
and are less frequent in scores lower or equal to 5. GPT asois
reluctant to assign the highest score of 10.
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Figure 1. Distribution of the severity scores. Human experts versus GPT with 2 different temperature settings.
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Figure 2. Distribution of the disability scores. Human experts versus GPT with 2 different temperature settings.
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Agreement in Evaluations of Pain Severity and
Disability Made by GPT and Experts

Results related to the IAA are presented in Table 1. 1AA
between experts is acceptable (both for pain severity and
disability) considering Krippendorff a and Gwet AC2
coefficients. Delving deeper into the IAA analysis, the low
percentage agreement (0.29 for pain severity and 0.31 for

Amidei et a

disability), combined with a high weighted percentage
agreement (0.96 for pain severity and 0.95 for disability),
suggeststhat while expertsrarely chose exactly the same score,
their disagreementswere typically within adjacent scores. Given
the subjectivity inherent in assessing WNs, which isinfluenced
by numerous factors, the IAA demonstrates a satisfactory
agreement among experts.

Table 1. Mean (SD) of the agreement between experts and GPT-4. Values for GPT-4 are averages (SDs) over 10 experiments.

Expert 1 versus

Expert 2 versus

Expert2  GPT-4 (temperature0) GPT-4 (temperature 1) GPT-4 (temperature 0) GPT-4 (temperature 1)
(mean, SD) (mean, SD) (mean, SD) (mean, SD)

Pain severity

Percent agreement 0.29 0.36 (0.01) 0.36 (0.04) 0.27 (0.01) 0.32 (0.03)

Weighted percent agreement  0.96 0.94 (<0.01) 0.94 (0.02) 0.95 (<0.01) 0.95 (<0.01)

Gwet AC2 0.87 0.83(<0.01) 0.84 (0.02) 0.84 (<0.01) 0.84 (0.01)

Krippendorff a 0.66 0.46 (0.01) 0.45 (0.05) 0.51 (0.01) 0.49 (0.04)
Disability

Percent agreement 0.31 0.21 (0.02) 0.23 (0.04) 0.33(0.02) 0.35 (0.08)

Weighted percent agreement  0.95 0.94 (<0.01) 0.94 (0.0) 0.94 (<0.01) 0.94 (<0.01)

Gwet AC2 0.83 0.79 (<0.01) 0.79 (0.01) 0.8 (<0.01) 0.8(0.02)

Krippendorff a 0.69 0.47 (0.01) 0.49 (0.03) 0.57 (0.01) 0.57 (0.04)

3Gwet AC2: the weighted version of Gwet agreement coefficient.

When comparing GPT-4 scoreswith expert scores, Krippendorff
o indicated dightly lower agreement compared to the agreement
between the experts. However, percent agreement, weighted
percent agreement, and Gwet AC2 are comparable to the
agreement between experts, with the notable exception that, for
pain severity (temperature 1), the percent agreement was higher
than the one reached by the experts.

We compare the scores of pain severity and disability obtained
with GPT-4 to those of the experts and the naive baseline using
RMSE and MAE (by definition, MAE is O for the naive
baseline).

https://www.jmir.org/2025/1/e65903

GPT-4 can approximate the average of the expert ratings with
RM SEs of around 1.20 for severity and 1.44 for disability (Table
2). These values are significantly lower than the ones obtained
with the naive baselines with P<.001 for GPT-4 with
temperature 0 and P<.01 for temperature 1. Furthermore, we
can observe that the RSMES between the 2 experts are very
close to the ones obtained by GPT-4 when compared to the
average of the 2 expertsfor disability and even smaller for pain
severity. Overall, these errors are acceptable, especially when
compared to the differences between the 2 experts.
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Table 2. Predicting severity and disability scores with GPT with different temperature values. RMSE? and MAEP of GPT-4 compared to 2 expert

evaluations and a naive baseline®.

Statistical Expert 1 versus Expert 2 versus Average of experts versus
measures
Expert GPT-4 GPT-4 (tem- Baseline GPT-4 (tem- GPT-4 (tem- Bascline GPT-4 (tem- GPT-4 (tem- Basedline
2 (tempera-  perature 1) perature0)  perature 1) perature0)  perature 1
ture 0)
Pain severity
RSME 115 1o7 1.25° 138 1.394 1.40' 172 1.204 1.19' 145
MAE 0.12 -0.71 -0.66 0.00 -0.83 -0.78 0.00 -0.77 -0.72 0.00
Disability
RSME 156 471 174 220 1.50¢ 153 2.05 1.44¢ 144 198
MAE 005 -025 -0.33 0.00 -0.30 -0.37 0.00 -0.27 -0.35 0.00

3RM SE: root-mean-square efror.
PMAE: mean average error.

CA significant difference between the root mean square errors of GPT-4 and the baseline (2-sided P value equivalent of the z score of 10 experiments

with GPT-4 and the baseline).
dp<.001.

€p<.10.

fP<.01.

We also analyzed the MAES (ie, expert score minus GPT-4
score), which indicate a potential tendency to underrate or
overrate the expert scores. For both temperatures, we find that
GPT-4 on average dightly overestimatestheindividual experts
scores. More precisely, between 0.66 (temperature 1) and 0.83
(temperature 0) for severity and 0.25 (temperature 0) and 0.37
(temperature 1) for disability.

Finaly, al the results commented on are quite similar when
comparing temperatures 0 and 1. The comparison between
GPT-4 scores and those provided by experts highlights a
significant alignment in their assessments of WNSs. Thisfinding
holds promise, especially given the inherent subjectivity

involved in evaluating WNs. To delve deeper into this
alignment, we enlisted 2 pain assessment experts to evaluate
the GPT-4 scores and their accompanying descriptions.

Expert Evaluation

ThelAA among expertsisacceptable, asshownin Table 3. The
low percent agreement is compensated by a notably high
weighted percent agreement (except for pain severity in question
1). This suggests that, although experts rarely assign the same
score, they tend to choose adj acent ratings when a disagreement
arises. This phenomenon indicating acceptable IAA is aso
reflected in Gwet AC2 values (except for disability in question
2).

Table 3. Agreement between experts on the 3 questions. Ordinal weights were then applied to these categories based on their positions on the scale

[30]2.
Question 1 Question 2 Question 3

Pain severity

Percent agreement 0.08 0.21 0.12

Weighted percent agreement 0.50 0.95 0.91

Gwet AC2 0.93 0.83 0.66
Disability

Percent agreement 0.17 0.21 0.33

Weighted percent agreement 0.95 0.96 0.94

Gwet AC2 0.81 0.43 0.72

#The coefficients were calculated by assigning numerical values to the categories: 1=strongly disagree, 2=disagree, 3=somewhat disagree, 4=neither

agree nor disagree, 5=somewhat agree, 6=agree, and 7=strongly agree.

B This method acknowledges that experts may differ more significantly in their disagreement if one selects “somewhat disagree” while the other selects
“agree’ compared to if one chooses “agree” while the other chooses “strongly agree.”

https://www.jmir.org/2025/1/e65903
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As shown in Table 4, a 2-tailed t test analysis indicates that
expert 2's assessments were significantly higher (P<.001) for
all 3 questions compared to those of expert 1's. This
phenomenon implies a divergence in experts scoring
interpretations. Despite this difference, both experts appear to

Amidei et a

adhere consistently to their respective scoring criteria during
the annotation process. This finding suggests that while there
may be dlightly individual variations in scoring approaches
between experts, they maintain internal consistency in their
assessments.

Table 4. Expert evaluation scores: mean (SD), max scoreis 7. Significant differences between the 2 experts are determined by a 2-sided t test®.

Expert 1, mean (SD) Expert 2, mean (SD) t test (df)

Question 1P
Pain severity
Disability

Question e
Pain severity
Disability

Question 3°
Pain severity

Disability

5.72 (0.45) 6.88 (0.32) -13.67 (84)°
5.93 (0.26) 6.83 (0.37) -13.10 (84)°
5.93 (0.26) 6.79 (0.41) —11.62 (84)°
6 (0) 6.79 (0.41) —12.60 (84)°
5.44 (0.63) 6.72 (0.45) -10.82 (84)°
5.77 (0.43) 6.65 (0.48) -8.99 (84)°

#The coefficients were calculated by assigning numerical values to the categories: 1=strongly disagree, 2=disagree, 3=somewhat disagree, 4=neither

agree nor disagree, 5=somewhat agree, 6=agree, and 7=strongly agree.

bQue'stion 1: The explanation could have been written by a psychologist expert in fibromyalgia.

®p<.001.

dQuestion 2: The explanation adequately represents the pain severity expressed in the narrative.
€Question 3: | would use the pain severity score and explanation above to help myself assess the patient's pain.

The mean assessment scoresfor both pain severity and disability
are presented in Table 4. Assessments for the 3 questions were
high (scores ranging from 5=somewhat agree and 6=agree for
expert 1 and 6=agree and 7=strongly agree for expert 2) and
with low variability (SD, ranging from O to 0.63). In other
words, the experts agreed to consider GPT-4 assessments
accurate and usable as clinician assistants.

In conclusion, the disagreement observed between the experts
appearsto stem from differing interpretations of scoring criteria,
asevidenced by the consistent trend of 1 expert assigning higher
scores than the other expert during disagreements, displaying
amore optimistic outlook. Thisindicatesapersonal biasin their
evaluation approaches. Theidentification of such aclear pattern
inthe evaluation processis particularly intriguing asit suggests
a consistent trend in how assessments were conducted and
interpreted by the experts. On the one hand, further analysis of
this pattern could provide valuable insightsinto the underlying
factors influencing the evaluation outcomes and shed light on
the reliability and consistency of the assessment process.
Understanding and leveraging such patterns can enhance the
effectiveness and accuracy of automated systemslike LLMsin
pain narrative assessments. On the other hand, understanding
this pattern in expert evaluations can provide valuable insights
into the subjective nature of pain assessments and the potential
impact on IAA in pain narrative evaluations.

https://www.jmir.org/2025/1/e65903

Degspite this pattern observed in the evaluation, both experts
concur on the use of GPT-4 as a valuable tool for pain
assessment tasks. Thisalignment in their assessment of GPT-4's
effectiveness underscores its potential to complement and
enhance traditional expert evaluationsin pain narrative analysis.

Corrédationsof Human and GPT-4 Assessments With
Standardized M easurements

The mean of the ratings assigned by experts for severity and
disability [22] significantly correlated with scores from the
FIQR questionnaire, and the anxiety and depression scoresfrom
the HADS questionnaire. When analyzing the corresponding
correlations with the scores given by GPT-4, for temperature
0, results were very similar to the ones found for experts with
the exception that in this case there were no significant
correlations between pain severity and disability and anxiety
scores. However, the correlations between scores assigned by
GPT-4 with temperature 1 and depression and anxiety, werein
the same line as the ones found for the experts (Table 4). Also,
in this case, the results indicate that GPT-4's performance in
assessing pain WNs closely approximates humans' assessment.
In addition, a further encouraging outcome is found: GPT-4's
pain WNs assessment shows afavorable alignment with standard
pain assessment tests (for example, see GPT-4 with temperature
1 in the assessments of FIQR and HADS depression in Table
5).
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Table 5. Pearson correlations of expert and GPT-4 assessments with standardized measurements®.

FIQRP TSKC HADSY
Anxiety Depression

Experts

Pain severity 0.418 0.18 0.34" 0.44°

Disability 0.44° 0.19 0.38 0.46°
GPT-4 (temperature 0) Mean of 10 Trials

Pain severity 0.36 0.17 0.25 0.35f

Disability 0.42° 021 0.28 0.36
GPT-4 (temperature 1) Mean of 10 Trials

Pain severity 0.43° 018 0.32f 0.41°

Disability 0.49° 0.16 0.34f 0458

gignificant correlations are indicated with ®P<.01 and fp<.05.
bFy Q-R: Fibromyalgia Impact Questionnaire.

®TSK: Tampa Scale of Kinesiophobia.

9HADS: Hospital Anxiety and Depression Inventory Scale.
€P<.01.

fp< 05.

Discussion

Principal Findings

Our preliminary study highlights the potential of using LLMs,
such as GPT-4, for automatizing the assessment of pain severity
and disability levels in patient WNs. WNs can be very useful
for people’s pain assessment but are time-consuming for
clinicians. The methodology based on LLMs presented in this
paper conducts an automated assessment of the levels of pain
severity and disability in the patient’s WNSs. Our resultsindicate
that expertsin pain assessment can make use of LLMsfor faster
patient assessment. Indeed, the conducted analysis, bolstered
by various statistical measures, revealsasignificant resemblance
between expert scores and those generated by GPT-4. This
observation is further supported by the comparable correlation
values observed between standardized measurements and
assessments by both experts and GPT-4. Moreover, the positive
reception from experts regarding the scores and explanations
generated by GPT-4 underscores the potential applicability of
automated systems in pain assessment. It is worth noting that
both experts agree on the perceptions about GPT-4's scores and
explanations. although one of them seems more positive in her
assessments, leading to some variations in agreement indices.

Limitations and Future Research

Whilethesefindings are promising, somelimitations are present
that motivate further research to advance this area.

First, in this study, we used pain severity and disability asmain
indicators of the texts, since we wanted to explore variables
relevant in clinical context. International guidelines support
measuring these in the pain field [9,10]. Moving forward, it
would be beneficial to explore additional variables beyond pain
severity and disability that could enhance the clinical relevance

https://www.jmir.org/2025/1/e65903

of automated assessments. For example, future research could
instruct LLMs to assess levels of catastrophizing thoughts in
thetexts. These are common patterns of thinking in peoplewith
pain, related to a worse adaptation to pain in multiple studies,
for example, Quartana et a [39]. Assessing this variable
adequately would be very useful in the clinical context to
identify people at risk of suffering more complex problemsthat
need more attention.

Second, our findings suggest the need for ongoing efforts to
enhancethe precision of GPT-4 scoresin pain WN assessments
(with special attention to the extreme scores). While the
agreement between GPT-4-generated scores and expert ratings
was generally favorable, there is room for improvement. We
observe that GPT-4 has a dlight tendency to overestimate the
pain severity and disability of WNs, using less frequent scores
lower or equal to 5 than humans. M oreover, GPT-4 avoidsusing
the highest score of 10. More research is needed to investigate
if this pattern is observed with a greater sample of WNsor if it
is linked to the sample used in this paper. If these persist in
larger studies, a fine-tuning strategy can be considered to
aleviate this problem. For example, future research should
analyze the use of few-shot learning methods to test the
performance of the GPT-4 or other LLMSs in assessing pain
WNs. By refining the training data and algorithms used by
LLMs, we can dtrive to achieve even greater accuracy and
reliability in automated pain WN assessments.

Third, this study, due to its preliminary nature, focused on
people with fibromyalgia. Future research would benefit from
including people with different chronic pain problems, and
bigger samples to compare the performance of GPT-4 in
different pain conditions. Big differences are not expected, since
we assume that the ability of GPT-4 to analyze WNswould not
depend upon the specific pain problem. However, more
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empirical testsare needed to support this assumption and extend
our methodology to other pain and health problems.

Fourth, the use of GPT has some inherent limitations. For
example, it may generate text that suffers from biases,
hallucinations, and inconsistency [40,41]. For this reason, any
tools that use GPT, such as the one we propose in this paper,
should not be used as stand-alonetools; they always need human
supervision. In our case, this should be supervised by clinicians.
Additionally, future work could use the Quality Analysis of
Medical Artificia Intelligence tool [42] which provides a

Amidei et a

standardized way to evaluate medical Al output as we have
been analyzing. Future research should adopt this methodol ogy
when assessing the explanations given by LLMs about the
assessment of the WNs. Finaly, as previously explained, we
asked for an explanation of the scores given by GPT-4 but this
was hot the case for the scores given by the expertsin Serrat et
al [22]. In future research, it would be interesting to compare
the explanations of scores provided by an LLM and the
corresponding explanations provided by human experts. For
example, ablind annotation can aim to evaluate if expertswould
be able to distinguish the origin of these explanations.

Acknowledgments
Universitat Oberta de Catalunya supported this study by covering the fees associated with the publication of this manuscript.

Data Availability

Nontextual data (expert and GPT scores) are included in this published article and Multimedia Appendix 1. The other materials
generated or analyzed during this study are available from the corresponding author on reasonable request.

Authors Contributions

AK, JA, JF, and RN conceived the idea and designed the study. KA and M S acted as experts for the evaluation tasks. JF built the
code needed for the GPT tasks and performed the analyses. JA and RN created afirst draft of the manuscript, which wasreviewed
and improved by all the authors.

Conflictsof Interest
None declared.

Multimedia Appendix 1

Example of the evaluation task given to the experts.
[PDE File (Adobe PDF File), 101 KB-Multimedia Appendix 1]

References

1. JohannesCB, Le TK, Zhou X, Johnston JA, Dworkin RH. The prevalence of chronic pain in United States adults: results
of an internet-based survey. JPain. 2010;11(11):1230-1239. [FREE Full text] [doi: 10.1016/j.jpain.2010.07.002] [Medline:
20797916]

2. Leadley RM, Armstrong N, Lee YC, Allen A, Kleijnen J. Chronic diseases in the European Union: the prevalence and
health cost implications of chronic pain. JPain Palliat Care Pharmacother. 2012;26(4):310-325. [doi:
10.3109/15360288.2012.736933] [Medline: 23216170]

3.  Breivik H, Collett B, Ventafridda V, Cohen R, Gallacher D. Survey of chronic pain in Europe: prevalence, impact on daily
life, and treatment. Eur J Pain. 2006;10(4):287-333. [doi: 10.1016/j.€jpain.2005.06.009] [Medline: 16095934]

4. Rikard SM, Strahan AE, Schmit KM, Guy GP. Chronic pain among adults—United States, 2019-2021. MMWR Morb
Mortal Wkly Rep. 2023;72(15):379-385. [doi: 10.15585/mmwr.mm7215al] [Medline: 37053114

5. Hooten WM. Chronic pain and mental health disorders. shared neural mechanisms, epidemiology, and treatment. Mayo
Clin Proc. 2016;91(7):955-970. [doi: 10.1016/j.mayocp.2016.04.029] [Medline: 27344405]

6. BlythFM, March LM, Brnabic AJM, Cousins MJ. Chronic pain and frequent use of health care. Pain. 2004;111(1-2):51-58.
[doi: 10.1016/j.pain.2004.05.020] [Medline: 15327808]

7. CaceresMatosR, Gil-GarciaE, Vazquez-Santiago S, Cabrera-Ledn A. The use of healthcare servicesand disabling chronic
pain: resultsfrom the cross-sectional population-based Andalusian Health Survey. Eur JPublic Health. 2024;34(4):639-645.
[doi: 10.1093/eurpub/ckae079] [Medline: 38750626]

8. TorrdbaA, Miqud A, DarbaJ. [Current status of chronic pain in Spain: "Pain Proposa” initiative]. Rev Soc Esp Dolor.
2014;21(1):16-22. [doi: 10.4321/s1134-80462014000100003]

9.  Turk DC, Dworkin RH, Allen RR, Bellamy N, Brandenburg N, Carr DB, et a. Core outcome domains for chronic pain
clinical trials: IMMPACT recommendations. Pain. 2003;106(3):337-345. [doi: 10.1016/j.pain.2003.08.001] [Medline:
14659516]

10. Dworkin RH, Turk DC, Farrar JT, Haythornthwaite JA, Jensen MP, Katz NP, et al. Core outcome measures for chronic
pain clinical trials: IMMPACT recommendations. Pain. 2005;113(1-2):9-19. [doi: 10.1016/j.pain.2004.09.012] [Medline:
15621359]

https://www.jmir.org/2025/1/e65903 JMed Internet Res 2025 | vol. 27 | e65903 | p. 11

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v27i1e65903_app1.pdf&filename=a2a9c22ca986d336d09ead78af04ab58.pdf
https://jmir.org/api/download?alt_name=jmir_v27i1e65903_app1.pdf&filename=a2a9c22ca986d336d09ead78af04ab58.pdf
https://linkinghub.elsevier.com/retrieve/pii/S1526-5900(10)00601-2
http://dx.doi.org/10.1016/j.jpain.2010.07.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20797916&dopt=Abstract
http://dx.doi.org/10.3109/15360288.2012.736933
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23216170&dopt=Abstract
http://dx.doi.org/10.1016/j.ejpain.2005.06.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16095934&dopt=Abstract
http://dx.doi.org/10.15585/mmwr.mm7215a1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37053114&dopt=Abstract
http://dx.doi.org/10.1016/j.mayocp.2016.04.029
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27344405&dopt=Abstract
http://dx.doi.org/10.1016/j.pain.2004.05.020
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15327808&dopt=Abstract
http://dx.doi.org/10.1093/eurpub/ckae079
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38750626&dopt=Abstract
http://dx.doi.org/10.4321/s1134-80462014000100003
http://dx.doi.org/10.1016/j.pain.2003.08.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=14659516&dopt=Abstract
http://dx.doi.org/10.1016/j.pain.2004.09.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15621359&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Amidei et a

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

Morse M. Using qualitative methods to access the pain experience. Br J Pain. 2015;9(1):26-31. [FREE Full text] [doi:
10.1177/2049463714550507] [Medline: 26516553]

Wideman TH, Edwards RR, Walton DM, Martel MO, Hudon A, Seminowicz DA. The multimodal assessment model of
pain: anovel framework for further integrating the subjective pain experience within research and practice. Clin J Pain.
2019;35(3):212-221. [FREE Full text] [doi: 10.1097/AJP.0000000000000670] [Medline: 30444733]

Carr DB, Loeser JD, Morris DB. Narrative, Pain, and Suffering. Seattle, WA. |ASP Press; 2005.

Hall M, Powell J. Understanding the person through narrative. Nurs Res Pract. 2011;2011:293837. [ FREE Full text] [doi:
10.1155/2011/293837] [Medline: 21994820]

Vindrola-Padros C, Johnson GA. The narrated, nonnarrated, and the disnarrated: conceptual tools for analyzing narratives
in health servicesresearch. Qual Health Res. 2014;24(11):1603-1611. [FREE Full text] [doi: 10.1177/1049732314549019]
[Medline: 25192757]

Noel M, Beals-Erickson SE, Law EF, Alberts NM, Palermo TM. Characterizing the pain narratives of parents of youth
with chronic pain. Clin JPain. 2016;32(10):849-858. [FREE Full text] [doi: 10.1097/A JP.0000000000000346] [Medline:
26736026]

Meldrum ML, Tsao JC, Zeltzer LK. "I can't be what | want to be": Children's narratives of chronic pain experiences and
treatment outcomes. Pain Med. 2009;10(6):1018-1034. [FREE Full text] [doi: 10.1111/j.1526-4637.2009.00650.X] [Medline:
19594848]

McGowan L, Luker K, Creed F, Chew-Graham CA. How do you explain apain that can't be seen?: The narratives of women
with chronic pelvic pain and their disengagement with the diagnostic cycle. Br JHealth Psychol. 2007;12(Pt 2):261-274.
[doi: 10.1348/135910706X 104076] [Medline: 17456285]

Dysvik E, Natvig GK, Furnes B. A narrative approach to explore grief experiences and treatment adherence in people with
chronic pain after participation in a pain-management program: a 6-year follow-up study. Patient Prefer Adherence.
2013;7:751-759. [FREE Full text] [doi: 10.2147/PPA.S46272] [Medline: 23990710]

Nieto R, SoraB, Boixados M, Ruiz G. Understanding the experience of functional abdominal pain through written narratives
by families. Pain Med. 2020;21(6):1093-1105. [doi: 10.1093/pm/pnz147] [Medline: 31361016]

SoraB, Nieto R, Vall-Roqué H, Conesa J, Pérez-Navarro A, Saigi-Rubié F. Chronic neck and low back pain from personal
experiences: awritten narrative approach. Pain Manag. 2024;14(4):183-194. [doi: 10.1080/17581869.2024.2343648]
[Medline: 38717373]

Serrat M, Sora B, Urefia P, Vall-Roqué H, Edo-Gual M, Nieto R. Written narratives to understand the experience of
individualsliving with fibromyalgia. Muscul oskeletal Care. 2024;22(2):e1905. [doi: 10.1002/msc.1905] [Medline: 39031673]
Kahtan H, Jordan A, Forget P. Is pain ever acceptable? A qualitative exploration concerning adult perceptions of chronic
pain. Eur J Pain. 2024;28(7):1213-1225. [doi: 10.1002/ejp.2255] [Medline: 38400800]

Pennebaker JW, Seagal JD. Forming a story: the health benefits of narrative. J Clin Psychol. 1999;55(10):1243-1254. [doi:
10.1002/(SIC1)1097-4679(199910)55:10<1243::A1D-JCL P6>3.0.CO;2-N] [Medline: 11045774]

Abd-Elsayed A, Robinson CL, Marshall Z, Diwan S, Peters T. Applications of artificial intelligence in pain medicine. Curr
Pain Headache Rep. 2024;28(4):229-238. [doi: 10.1007/s11916-024-01224-8] [Medline: 38345695]

Vaid A, Landi 1, Nadkarni G, Nabeel 1. Using fine-tuned large language models to parse clinical notes in muscul oskel etal
pain disorders. Lancet Digit Health. 2023;12:e855-e858. [FREE Full text] [doi: 10.1016/S2589-7500(23)00202-9] [Medline:
39492289

Shrestha N, Shen Z, Zaidat B, Duey AH, Tang JE, Ahmed W, et al. Performance of ChatGPT on NASS clinical guidelines
for the diagnosis and treatment of low back pain: a comparison study. Spine. 2024;49(9):640-651. [doi:
10.1097/BRS.0000000000004915] [Medline: 38213186]

Gianola S, Bargeri S, Castellini G, Cook C, Palese A, Pillastrini P, et al. Performance of ChatGPT compared to clinical
practice guidelinesin making informed decisions for lumbosacral radicular pain: a cross-sectional study. J Orthop Sports
Phys Ther. 2024;54(3):222-228. [doi: 10.2519/jospt.2024.12151] [Medline: 38284363]

Sallam M. ChatGPT utility in healthcare education, research, and practice: systematic review on the promising perspectives
and valid concerns. Healthcare. 2023;11(6):887. [FREE Full text] [doi: 10.3390/healthcare11060887] [Medline: 36981544
Gwet KL. Handbook of I nter-Rater Reliability: The Definitive Guideto M easuring the Extent of Agreement Among Raters.
Gaithersburg, MD. Advanced Analytics, LLC; 2014.

Krippendorff K. Measuring the reliability of qualitative text analysis data. Qual Quant. 2004;38:787-800. [FREE Full text]
[doi: 10.1007/s11135-004-8107-7]

Goh E, Gallo R, Hom J, Strong E, Weng Y, Kerman H, et a. Large language model influence on diagnostic reasoning: a
randomized clinical trial. JAMA Netw Open. 2024;7(10):e2440969. [FREE Full text] [doi:
10.1001/jamanetworkopen.2024.40969] [Medline: 39466245]

Bennett RM, Friend R, Jones KD, Ward R, Han BK, Ross RL. The Revised Fibromyalgia Impact Questionnaire (FIQR):
validation and psychometric properties. Arthritis Res Ther. 2009;11(4):R120. [FREE Full text] [doi: 10.1186/ar2783]
[Medline: 19664287]

https://www.jmir.org/2025/1/e65903 JMed Internet Res 2025 | vol. 27 | e65903 | p. 12

(page number not for citation purposes)


https://europepmc.org/abstract/MED/26516553
http://dx.doi.org/10.1177/2049463714550507
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26516553&dopt=Abstract
https://europepmc.org/abstract/MED/30444733
http://dx.doi.org/10.1097/AJP.0000000000000670
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30444733&dopt=Abstract
https://doi.org/10.1155/2011/293837
http://dx.doi.org/10.1155/2011/293837
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21994820&dopt=Abstract
https://journals.sagepub.com/doi/abs/10.1177/1049732314549019?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/1049732314549019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25192757&dopt=Abstract
https://europepmc.org/abstract/MED/26736026
http://dx.doi.org/10.1097/AJP.0000000000000346
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26736026&dopt=Abstract
https://europepmc.org/abstract/MED/19594848
http://dx.doi.org/10.1111/j.1526-4637.2009.00650.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19594848&dopt=Abstract
http://dx.doi.org/10.1348/135910706X104076
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17456285&dopt=Abstract
https://europepmc.org/abstract/MED/23990710
http://dx.doi.org/10.2147/PPA.S46272
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23990710&dopt=Abstract
http://dx.doi.org/10.1093/pm/pnz147
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31361016&dopt=Abstract
http://dx.doi.org/10.1080/17581869.2024.2343648
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38717373&dopt=Abstract
http://dx.doi.org/10.1002/msc.1905
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39031673&dopt=Abstract
http://dx.doi.org/10.1002/ejp.2255
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38400800&dopt=Abstract
http://dx.doi.org/10.1002/(SICI)1097-4679(199910)55:10<1243::AID-JCLP6>3.0.CO;2-N
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11045774&dopt=Abstract
http://dx.doi.org/10.1007/s11916-024-01224-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38345695&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2589-7500(23)00202-9
http://dx.doi.org/10.1016/S2589-7500(23)00202-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39492289&dopt=Abstract
http://dx.doi.org/10.1097/BRS.0000000000004915
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38213186&dopt=Abstract
http://dx.doi.org/10.2519/jospt.2024.12151
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38284363&dopt=Abstract
https://www.mdpi.com/resolver?pii=healthcare11060887
http://dx.doi.org/10.3390/healthcare11060887
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36981544&dopt=Abstract
https://doi.org/10.1007/s11135-004-8107-7
http://dx.doi.org/10.1007/s11135-004-8107-7
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/10.1001/jamanetworkopen.2024.40969
http://dx.doi.org/10.1001/jamanetworkopen.2024.40969
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39466245&dopt=Abstract
https://arthritis-research.biomedcentral.com/articles/10.1186/ar2783
http://dx.doi.org/10.1186/ar2783
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19664287&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Amidei et a

34.

35.

36.

37.

38.

39.

40.

41.

42.

Luciano JV, Aguado J, Serrano-Blanco A, Calandre EP, Rodriguez-Lopez CM. Dimensionality, reliability, and validity of
the Revised Fibromyalgial mpact Questionnaire in two Spanish samples. Arthritis Care Res. 2013;65(10):1682-1689. [ FREE
Full text] [doi: 10.1002/acr.22034] [Medline: 23609980]

Luciano JV, D'Amico F, Cerda-Lafont M, PefiarrubiaMariaM T, Knapp M, Cuesta-Vargas Al, et al. Cost-utility of cognitive
behavioral therapy versus U.S. food and drug administration recommended drugs and usual carein the treatment of patients
with fibromyalgia: an economic evaluation alongside a 6-month randomized controlled trial. Arthritis Res Ther.
2014;16(5):451. [FREE Full text] [doi: 10.1186/s13075-014-0451-y] [Medline: 25270426]

Gomez-Pérez L, L6pez-Martinez AE, Ruiz-Parraga GT. Psychometric properties of the spanish version of the Tampa Scale
for Kinesiophabia (TSK). J Pain. 2011;12(4):425-435. [ FREE Full text] [doi: 10.1016/j.jpain.2010.08.004] [Medline:
20926355]

Artstein R, Poesio M. Inter-coder agreement for computational linguistics. Comput Linguist. 2008;34:555-596. [FREE Full
text] [doi: 10.1162/coli.07-034-r2]

Gwet K, Fergadis A. Chance-corrected agreement coefficients. irrCAC. URL: https:/irrcac.readthedocs.io/en/l atest/index.
html [accessed 2025-03-20]

Quartana PJ, Campbell CM, Edwards RR. Pain catastrophizing: acritical review. Expert Rev Neurother. 2009;9(5):745-758.
[FREE Full text] [doi: 10.1586/ern.09.34] [Medline: 19402782]

J Z,YuT, XuY, LeeN, Ishii E, Fung P. Towards mitigating LLM hallucination via self reflection. In: Bouamor H, Pino
J, Bali K, editors. In Findings of the Association for Computational Linguistics: EMNLP 2023. Singapore. Association for
Computational Linguistics; 2023:1827-1843.

Fulgu RA, Capraro V. Surprising gender biasesin GPT. Comput Hum Behav Rep. 2024;16:100533. [doi:
10.1016/j.chbr.2024.100533]

VairaLA, Lechien JR, Abbate V, Allevi F, Audino G, Beltramini GA, et a. Validation of the Quality Analysis of Medical
Artificia Intelligence (QAMALI) tool: anew tool to assess the quality of health information provided by Al platforms. Eur
Arch Otorhinolaryngol. 2024;281(11):6123-6131. [FREE Full text] [doi: 10.1007/500405-024-08710-0] [Medline; 38703195]

Abbreviations

Al: artificial intelligence

FIQR: Revised Fibromyalgia Impact Questionnaire

Gwet AC2: the weighted version of Gwet agreement coefficient
HADS: Hospital Anxiety and Depression Scale

IAA: interannotator agreement

LLM: largelanguage model

MAE: mean absolute error

RMSE: root-mean-squared error

WN: written narrative

Edited by A Coristine; submitted 29.08.24; peer-reviewed by Z Ehtesham, T Akindahunsi, Q Chen, A Frosolini; comments to author
08.11.24; revised version received 04.12.24; accepted 17.01.25; published 31.03.25

Please cite as:

Amidei J, Nieto R, Kaltenbrunner A, Ferreira De S4 JG, Serrat M, Albajes K

Exploring the Capacity of Large Language Models to Assess the Chronic Pain Experience: Algorithm Development and Validation
J Med Internet Res 2025;27:€65903

URL: https:.//www.jmir.org/2025/1/e65903

doi: 10.2196/65903

PMID:

©Jacopo Amidei, Rubén Nieto, Andreas Kaltenbrunner, Jose Gregorio Ferreira De Sa, Mayte Serrat, Klara Albajes. Originally
published inthe Journal of Medical Internet Research (https://www.jmir.org), 31.03.2025. Thisisan open-access article distributed
under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in the Journal of
Medical Internet Research (ISSN 1438-8871), is properly cited. The complete bibliographic information, a link to the original
publication on https://www.jmir.org/, as well as this copyright and license information must be included.

https://www.jmir.org/2025/1/e65903 JMed Internet Res 2025 | vol. 27 | e65903 | p. 13

RenderX

(page number not for citation purposes)


https://onlinelibrary.wiley.com/doi/10.1002/acr.22034
https://onlinelibrary.wiley.com/doi/10.1002/acr.22034
http://dx.doi.org/10.1002/acr.22034
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23609980&dopt=Abstract
https://arthritis-research.biomedcentral.com/articles/10.1186/s13075-014-0451-y
http://dx.doi.org/10.1186/s13075-014-0451-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25270426&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1526-5900(10)00695-4
http://dx.doi.org/10.1016/j.jpain.2010.08.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20926355&dopt=Abstract
https://doi.org/10.1162/coli.07-034-R2
https://doi.org/10.1162/coli.07-034-R2
http://dx.doi.org/10.1162/coli.07-034-r2
https://irrcac.readthedocs.io/en/latest/index.html
https://irrcac.readthedocs.io/en/latest/index.html
https://europepmc.org/abstract/MED/19402782
http://dx.doi.org/10.1586/ern.09.34
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19402782&dopt=Abstract
http://dx.doi.org/10.1016/j.chbr.2024.100533
https://air.unimi.it/handle/2434/1048609
http://dx.doi.org/10.1007/s00405-024-08710-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38703195&dopt=Abstract
https://www.jmir.org/2025/1/e65903
http://dx.doi.org/10.2196/65903
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

