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Abstract

Objective: This study compares multiple LLMs, including ChatGPT, DeepSeek, and Llama, to generate meaningful,
audience-adapted labels for the existing latent classes among patients with chronic low back pain (cLBP).

Methods: Phenotypes were derived from baseline data from two cohorts within the NIH HEAL BACPAC consortium:
BACKHOME, a large nationwide e-cohort (train set: N=3025), and COMEBACK, a deep phenotyping cohort (test set:
N=450). The analysis included pain characteristics, psychosocial factors, lifestyle habits, and social determinants of
health. ChatGPT-40 (OpenAl), DeepSeek-R1, and Llama 3.3 (Meta) were applied to generate class labels for each combination
of audience (clinician, patient, and caregiver), tone (formal, empathetic, and informal), and technicality (high, medium,
and low).

Results: Latent Class Model (LCM) identified four distinct behavioral phenotypes in patients with cLBP: High Distress and
Maladaptive Behaviors, Resilient and Adaptive Coping, Intermediate Maladaptive Patterns, and Emotionally Regulated with
High Pain Burden. Previously validated by domain experts, these profiles served as the basis for automated labeling using
three LLMs (ChatGPT-40, DeepSeek-R1, and Llama 3.3). Using different tones and complexity levels, each model produced
class labels specific to clinicians, patients, and caregivers. The generated class names for all LLMs closely matched expert-
defined traits like emotional regulation, resilience, and high distress, indicating strong conceptual alignment and the
capacity of LLMs to generate precise, audience-specific labels for intricate behavioral and psychological profiles.

Conclusions: These results highlight the possibility of integrating LLM-driven labeling into research and clinical practice,
helping to achieve more transparent knowledge translation, improved decision-making, and personalized care.
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Lay Summary

People with chronic low back pain experience symptoms in different ways. Some struggle with high emotional distress
and difficulty coping, while others show resilience despite ongoing pain. The Latent Class Modeling (LCM) approach is
used to identify these hidden subgroups based on pain levels, mood, coping behaviors, and lifestyle factors. However,
once these groups are identified, naming them clearly and appropriately for different audiences can be difficult. In this
study, we considered whether large language models (LLMs) could automatically generate meaningful, audience-specific
names for these subgroups. We tested three models, such as ChatGPT, DeepSeek, and Llama 3, using data from two large
studies of individuals with chronic low back pain. The models were asked to create labels tailored to clinicians, patients,
and caregivers, using different tones and levels of technical language. All three systems created labels that closely
reflected expert-defined group characteristics. The wording was appropriately adjusted to suit the audience, making
labels more technical for clinicians and more supportive and accessible for patients and caregivers. These results imply
that LLMs can help simplify complex research findings into language understandable to a broad audience, enhancing

communication and facilitating more personalized care.

Introduction

Latent Class Model (LCM) is a statistical method that can be ap-
plied to various fields, including education, social sciences, and
healthcare.) LCM contains both Latent Class Analysis (LCA)
and Latent Profile Analysis (LPA). It includes a mix of binary and
continuous variables and techniques that aim to recover hidden
groups from observed data.>*® LCM models use observed indi-
cators to infer these latent groups and determine their charac-
teristic variable patterns, assuming that the observed variable
distribution results from a finite mixture of underlying, unob-
served subgroups.? For example, Obbarius et al’ found four sub-
groups based on pain burden and emotional distress in patients
undergoing multimodal inpatient treatment. Rovner et al® deter-
mined four patient clusters based on pain acceptance levels,
which were associated with specific patterns of psychological
and physical function.

However, naming LCM-identified subgroups or clusters is a
crucial step in making the findings interpretable and actionable.
This often requires time consuming expert consensus, particu-
larly when the LCM variables span a broad range of technical
and clinical disciplines. Additionally, cluster names should be
customized to the audience, as names suitable for clinicians
may include language or jargon that is not interpretable or can
even be offensive to patients.

Artificial intelligence (Al) has rapidly appeared as a trans-
formative technology across numerous domains, including
healthcare.>**? Large language models (LLMs), which employ
transformer architectures and encode rich contextual informa-
tion using billions of parameters, are one example of these
developments that have made it possible to understand and ap-
ply varied topics with nuance.’*!* Because LLMs are better at
interpreting unstructured text than traditional Al models, which
frequently rely on structured data and preset algorithms, they
are invaluable for real-time data interpretation, supporting clini-
cal decision-making, and improving patient engagement in clini-
cal settings. LLMs such as ChatGPT,* DeepSeek,'® and Llama®’
can process and generate human-like language, making them
valuable tools in various medical applications. ChatGPT, built on

OpenAl’s GPT architecture, is available in multiple configura-
tions; for example, GPT-40"® contains approximately 200 billion
parameters, while GPT-40-mini has around 8 billion parameters.
DeepSeek is an open-source language model with up to 671 bil-
lion parameters and context lengths of up to 128K tokens.
Llama 3% is available in different sizes, including 8 billion and
70 billion parameter versions.

LLMs are increasingly embraced for various healthcare appli-
cations, including orthopedic surgery, by enhancing diagnostic
accuracy, streamlining administrative tasks, and improving pa-
tient care and education. For instance, Bains et al*® investigated
the utility of LLMs, specifically ChatGPT, in providing patient
information after total knee arthroplasty (TKA) and compared
its performance with that of arthroplasty-trained nurses. Lieu et
al** examined the accuracy and comprehensibility of ChatGPT
(Version 3.5) responses to frequently asked questions about sco-
liosis in a pediatric orthopedic context. Margetts et al** exam-
ined the role of Al in scientific writing related to Alzheimer’s
disease, osteoporosis, and fracture. Guillen et al*® investigated
the utility of LLMs (ChatGPT, Llama 3.3, Microsoft Copilot) for pa-
tient Queries on Total Knee Replacement (TKR). Caterson et al**
demonstrated that LLMs could generate clinical letters and pre-
dict management plans for orthopedic scenarios. Sakai et al*®
used GPT-4 Turbo for multi-label classification of inpatient com-
ments, testing prompt strategies like zero-shot, in-context, and
chain-of-thought. GPT-4 Turbo outperformed traditional and
pre-trained models, offering an efficient way for healthcare pro-
viders to analyze patient feedback and improve responses.
Wang et al*® showed that LLMs can be considered as implicitly
inferring a hidden or “latent” variable carrying important task
information, allowing for more accurate and contextually appro-
priate labeling, particularly in through in-context learning
approaches.

LLMs and LCM aim to uncover meaningful patterns and struc-
ture within complex datasets, LLMs through contextually adap-
tive, language-based labeling, and LCM through statistical
modeling of latent subgroups. In this current study, we combine
the statistical rigor of LCM with the adaptive language capabili-
ties of LLMs to enhance the interpretability and accessibility of
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class labeling in health research. We build upon our previously
established LCM?" and leverage multiple LLMs (ChatGPT-4o,
DeepSeek-R1, and Llama 3.3) to generate meaningful, audience-
adapted labels (such as clinicians, patients, and caregivers) for
these existing latent classes. Our results demonstrate the feasi-
bility and advantages of integrating state-of-the-art LLMs with
established statistical modeling, facilitating scientific rigor and
effective communication in health research.

Methods

Phase 1: Latent class model development
and characterization

We used LCM previously established in our earlier research
within the NIH HEAL BACPAC consortium for this analysis. The
BACKHOME,?® a large nationwide e-cohort (N=3025) utilized for
model training, and COMEBACK,?® as an external test set, a deep
phenotyping cohort (N=450) used for generalization. The data-
sets included a broad range of variables across several catego-
ries (for detailed descriptions, see Supplementary Appendix A):
demographic factors (age, sex), anthropometrics (Body Mass
Index [BMI]), pain-related measures (PEG score, PROMIS Pain
Interference), pain characteristics (duration, frequency, inten-
sity), and quality of life (PROMIS Physical Functioning [SF 6b]).
Additional variables included mood indicators (PROMIS
Depression, Pain Anxiety Symptoms [PAS]), pain persistence
parameters (fear avoidance via FABQ-P, pain catastrophizing via
PCS-6, pain self-efficacy via PSEQ-4), and elements of interocep-
tive awareness (Non-Distracting, Emotional Awareness, Self-
Regulation) measured using the MAIA-2.

LCM was developed using model selection criteria that bal-
ance statistical fit, clinical interpretability, and parsimony. To
determine the optimal number of classes, we employed 10-fold
cross-validation with 100 bootstraps and evaluated model fit
using Akaike Information Criterion (AIC), Bayesian Information
Criterion (BIC), and entropy (uncertainty) to optimize model
fit. AIC and BIC were used to balance fit and complexity, while
entropy (uncertainty) measured the separation of latent classes.
Evaluation of models ranging from 1 to 10 classes revealed that
AIC and BIC values declined steeply from 1 to 4 classes, then pla-
teaued, indicating that additional classes beyond 4 did not sub-
stantially improve model fit relative to increased complexity.
Entropy values of 0.82 for BACKHOME (train) and 0.81 for
COMEBACK (test) indicated well-separated, highly distinct latent
classes. Furthermore, the four-class solution demonstrated
strong clinical interpretability and adequate sample sizes within
each class (BACKHOME: Class 1, n=701; Class 2, n=413; Class 3,
n=893; Class 4, n=947), ensuring stable parameter estimates
and statistical power. The resulting model was robust and
generalizable, as evidenced by consistent fit metrics and class
structure when applied to the independent COMEBACK test set.
A detailed description of these models and their development is
available elsewhere.?”

After model estimation, the class-specific profiles of normal-
ized indicator mean for four latent classes were obtained for
both the BACKHOME (train set) and COMEBACK (test set) cohorts
(see Supplementary Appendix B). The LCM was generated from

extensive behavioral and clinical datasets, and all model out-
puts, class profiles, and variable definitions were methodically
saved in DOCX format for use as input in the following stage,
which involved automated class labeling with LLMs.

Phase 2: Automated class labeling using
large language models

Input preparation and standardization

This standardized input structure was provided identically to all
three LLMs (ChatGPT-40, DeepSeek-R1, and Llama 3.3) to ensure
consistent information was provided to each model. Specifically,
all three models received, identical variable definitions and scor-
ing guidance, and (see Supplementary Appendix A), identical class
profiles (see Supplementary Appendix B), and identical instruc-
tions specifying the audience, tone, and technicality parameters
for label generation. Model-specific implementation parameters
were optimized for each system’s architecture and access
method, but these differences do not impact the comparability
of outputs.

The standardized input and consistent temperature=0.0 set-
ting across all models (ChatGPT-40, DeepSeek-R1, and Llama
3.3) means that any differences in the generated labels can be
attributed to the models’ underlying architectures, training
data, and inherent stylistic preferences, rather than to discrep-
ancies in the input information or parameter settings.

Chain-of-thought prompting with ChatGPT and
DeepSeek for automated latent

Chain-of-Thought (CoT)*® prompting is a natural language
prompt engineering strategy used with LLMs to enhance their
reasoning capabilities. Rather than simply instructing the model
to provide an answer, CoT prompting explicitly guides the
model to break down its reasoning into logical, interpretable
steps before arriving at a final output. By encouraging the model
to reveal its intermediary thought processes, this method can
enhance its output’s caliber, interpretability, and dependabil-
ity.>32 For generating audience-tailored clinical labels from
complex latent classes, where labels must simultaneously serve
multiple stakeholders (clinicians, patients, caregivers) and sat-
isfy competing requirements (clinical accuracy, accessibility,
consistency), CoT offers different advantages. By requiring sys-
tematic reasoning about latent class features before label gener-
ation, CoT ensures that outputs are interpretable and justifiable
to clinical users, logically consistent across audience contexts,
and semantically accurate and clinically relevant. We therefore
selected CoT prompting to conduct ChatGPT-40 and DeepSeek-
R1 in generating audience-tailored class labels and asked the
LLMs to generate label with justifications, outputting results in a
standardized JSON format.

Automated latent class labeling with llama 3.3

Prompt formatting and response parsing were implemented us-
ing LangChain’s PromptTemplate and StrOutputParser.®* The
Llama 3.3 model was accessed via the OllamaLLM interface and
generated labels in a standardized JSON format.
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Phase 3: Model execution, output,
and evaluation

Each output included narrative descriptions summarizing class
profile distributions and a set of candidate class labels gener-
ated by the LLMs for each latent class. The experimental design
tailored the suggested class names to different audiences,
tones, and technicality levels. Experts thoroughly examined
each set of narrative descriptions and class labels for interpret-
ability, contextual appropriateness, and clarity in clinical prac-
tice and health communication. This assessment considered not
only the accuracy and relevance of the labels, but also their po-
tential utility for diverse stakeholders, including clinicians,
patients, and caregivers.

Overall, this approach was intended to enhance the transla-
tion of statistical findings into practical healthcare applications.
The overall workflow for generating audience-specific labels
from latent-class profiles is shown in Figure 1. This four-step
process begins with LCM, proceeds by providing identical inputs
to all three LLMs, continues with parallel processing using
prompting strategies, and concludes with the generation of la-
beled phenotypes. Figure 2 presents a representative example
of this workflow for a single latent class, illustrating the prompt-
ing approaches, model reasoning processes, and the resulting
clinical labels and justifications.

Results

Sample characteristics

A descriptive summary of the demographic characteristics of the
BACKHOME and COMEBACK datasets, respectively, is shown in
Table 1. The demographic features of the research population

Latent class Modeling (LCM)

for the BACKHOME and COMEBACK data sets, respectively, are
summarized in Table 1. In the BACKHOME dataset, 92.3% of indi-
viduals identified as non-Hispanic or Latino; the majority were
White (85.8%) and female (68.1%). Participants in the
COMEBACK dataset were also White (75.7%) and female (57.1%).
There was a modest difference in age between the BACKHOME
and COMEBACK participants. The BACKHOME participants had a
higher mean BMI than in COMEBACK.

Latent class model profiles

Our previous paper?’ constructed and detailed the latent class
model profiles (see Supplementary Appendix B). Domain experts
defined and categorized four classes in that work: Class 1 (“High
Distress and Maladaptive Behaviors”), Class 2 (“Resilient
and Adaptive Coping”), Class 3 (“Intermediate Maladaptive
Patterns”), and Class 4 (“Emotionally Regulated with High Pain
Burden”). Class 1 was indicated by the highest levels of anxiety/
depression, fear avoidance, PCS-6, and PEG scores, indicating a
greater propensity for pain and maladaptive avoidance behav-
jors. In contrast, Class 2 demonstrated lower scores on mal-
adaptive measures, suggesting greater pain self-efficacy and
fewer challenges with pain management. Differences across
MAIA scales contributed less to class separation, although dis-
tinctions between Classes 1 and 2 were evident. Classes 3 and 4
showed intermediate means across several indicators, repre-
senting a spectrum of psychological profiles within the popula-
tion. Class 4, compared to Class 3, presented with higher
pain-related scores (PEG), higher fear avoidance, but showed
lower emotional awareness and self-regulation. These class pro-
files define distinct behavioral phenotypes and form the founda-
tion for the automated label generation process with LLMs
utilized in the current study.

Latent classes Phenotypes

(unlabeled)

Text file (the overall sample sizes, class profiles, variables definitions)

Prompt

Prompt

y

A

“You are an expert in Latent Class Modeling (LCM) and
behavioral psychology. The document contains a study where

[ ChatGPT-40 ] [ DeepSeek-R1 ] Llama 3.3

LangChain (PromptTemplate, StrOutputParser);
OllamaLLM with temperature=0.0

latent classes have been identified but not labeled. Each class is
characterized using psychological and biobehavioral indicators
(e.g., PEG, PCS6, FABQ, PSEQ, MAIA, PROMIS). Your task is

Generate meaningful and context-appropriate labels
for each latent class using the parameters below:

to generate meaningful and context-appropriate labels for each
latent class using the parameters below:

®  Audience: [Clinician | Patient | Caregiver]

®  Tone: [Formal | Empathetic | Informal]

. Technicality: [High | Medium | Low]
Analyze each class step-by-step: interpret pain level, self-
efficacy, emotional awareness, etc. Then assign label and justify
each. Output format: JSON, each with a short paragraph.”

®  Audience: [Clinician | Patient | Caregiver]

®  Tone: [Formal | Empathetic | Informal]

®  Technicality: [High | Medium | Low]

Labeled classes and explanations

Figure 1 Schematic representation of the LLMs model.
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USER-PROVIDED INPUTS & EXAMPLE PARAMETERS

Class Profile (Class 1): PEG=0.70 (pain interference), PSEQ=0.39 (pain self-efficacy), PCS6=0.64 (catastrophizing), FABQ=0.73 (fear-avoidance),
PROMIS Anxiety=0.54, MAIA Emotional Awareness=0.67, MAIA Not Distracting=0.30, MAIA Self-Regulation=0.49, Pain Duration=0.16

Example Parameters: Audience: Clinician | Tone: Formal | Technicality: High | Temperature: 0.0

ChatGPT-40 & DeepSeek-R1
CHAIN-OF-THOUGHT

ACTUAL PROMPT:

You are an expert in Latent Class Modeling (LCM) and behavioral
psychology. The document contains a study where latent classes
have been identified but not labeled. Each class is characterized
using psychological and biobehavioral indicators (e.g., PEG,
PCS6, FABQ, PSEQ, MAIA, PROMIS). Your task is to generate
meaningful and context-appropriate labels for each latent class
using the parameters:

Audience: [Clinician | Patient | Caregiver],

Tone: [Formal | Empathetic | Informal],

Technicality: [High | Medium | Low].

Analyze each class step-by-step: interpret pain level, self-efficacy,
emotional awareness, etc. Then assign label and justify each.
Output format: JSON, each with a short paragraph.
CHAIN-OF-THOUGHT ANALYSIS:

1. PEG score is high (0.70), indicating significant daily disruption
due to pain.

2. Pain self-efficacy is low (0.39), reflecting limited confidence in
managing pain.

3. Catastrophizing (0.64) and fear-avoidance beliefs (0.73) are
elevated, indicating maladaptive cognitive patterns.

4. Psychological distress (PROMIS = 0.54) is moderate.

5. Emotional awareness is relatively preserved (0.67), but low self-
regulation (0.49) and distraction tolerance (0.30) suggest
difficulties in emotional modulation.

6. Overall, the profile is consistent with a maladaptive coping
phenotype with elevated psychosocial risk.

OUTPUT (Clinician/Formal/High):

{

"label": "Maladaptive Pain Responders",

"justification": "This phenotype demonstrates
significant pain-related functional impairment
(PEG=0.70) , markedly diminished pain self-efficacy
(PSEQ=0.39), and maladaptive cognitive patterns
including catastrophizing (PCS6=0.64) and pain-
related fear-avoidance (FABQ=0.73). Poor emotional
regulation capacity indicates heightened
psychosocial vulnerability."

}

Llama 3.3
DIRECT GENERATION

ACTUAL PROMPT:

LangChain (PromptTemplate, StrOutputParser);

Generate meaningful and context-appropriate labels for each latent class using
the parameters:

Audience: [Clinician | Patient | Caregiver],

Tone: [Formal | Empathetic | Informal],

Technicality: [High | Medium | Low].

Output format: JSON with label and justification.

DIRECT GENERATION:

Model generates label directly from class profile (PEG, PSEQ, PCS6, FABQ,
MAIA, PROMIS scores) without explicit intermediate reasoning steps.
Framework: LangChain PromptTemplate + StrOutputParser + OllamalLLM

OUTPUT (Clinician/Formal/High):

{
"label": "Emotionally distressed patient",
"justification": "Characterized by high pain-related
disability (PEG=0.70), limited pain management confidence

(PSEQ=0.39), and maladaptive cognitive-behavioral patterns
including pain catastrophizing (PCS6=0.64) and fear-
avoidance beliefs (FABQ=0.73). Emotional regulation deficits
suggest significant psychosocial risk."

}

Figure 2 Representative prompting strategies and structured input templates for generating audience-specific labels from latent class profiles.
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Table 1 Socio-demographic characteristics.

Variables BACKHOME (Train set) COMEBACK (Validation set)
(N=3025) (N=450)
Age
Mean (SD) 56.5 (14.2) 55.6 (15.6)
Median [Min, Max] 58 [20,94] 58.5[18,91]
Missing® 5(0.16 %)
Gender
Female 2013 (68.1 %) 257 (57.1 %)
Male 941 (31.8 %) 193 (42.8 %)
BMI
Mean (SD) 29.91 (7.5) 26.76 (5.3)
Median [Min, Max] 28.46 [13.3,71.3] 26.25 [7.8,43.9]
Missing? 13 (0.4 %) 12 (2.6 %)
Education
Did not complete High school 6 (0.2 %) 3 (0.6 %)
Some Secondary school (or High School) education 47 (1.5 %) 4 (0.8 %)
High school complete 529 (17.4 %) 46 (10.2 %)
Associate’s or Technical Degree complete 525 (17.3 %) 46 (10.2 %)
College or Baccalaureate Degree complete 948 (31.3 %) 190 (42.2 %)
Doctoral or postgraduate education 970 (32.0 %) 161 (35.7 %)

Race
White
Asian
Black or African American
Native Hawaiian or Pacific Islander
American Indian/Alaska Native
More than one race
Unknown or not reported
Ethnicity
Not Hispanic or Latino
Hispanic or Latino
Prefer not to answer or Unknown

2596 (85.8 %) 341 (75.7 %)

87 (2.8 %) 45 (10.0 %)
142 (4.6 %) 28 (6.2 %)
6 (0.20 %) 4(0.8 %)
20 (0.6 %) 2 (0.4 %)
112 (3.7 %) 12 (2.6 %)
62 (2.05 %) 18 (4.0 %)

2793 (92.3 %)
185 (6.1 %)
47 (1.5 %)

392 (87.1 %)
51 (11.3 %)
7 (1.5 %)

“Observation with missing values were excluded from the analysis.

Automated audience-adaptive class
labeling with LLMs

We used three sophisticated LLMs, ChatGPT-40, DeepSeek-R1,
and Llama 3.3, to automate the tagging of latent classes using a
CoT prompting method, building on previously defined latent
class profiles. Standardized class profiles, thorough explana-
tions of all psychological and bio-behavioral variables, and clear
instructions to create labels with a specific tone and level of so-
phistication for three audiences: clinicians, patients, and care-
givers, were given to each model. The ChatGPT findings are
shown in Table 2A. ChatGPT employed a formal tone and high
technicality for clinicians, yielding labels such as “High Pain-
Maladaptive Coping” and “Resilient-Adaptive Copers,” which
focused on behavioral patterns and diagnostic accuracy. On the
other hand, patient-focused labels were more empathetic and
accessible, including “Stuck in Pain Cycle” and “Managing Well.”
ChatGPT generated informal and encouraging labels for care-
givers, such as “Stuck in Safety Mode” and “Doing Pretty Well,”
emphasizing consolation and useful coping.

The DeepSeek-generated class labels are displayed in
Table 2B. For clinicians’ labels, such as “Maladaptive Pain

Responders” and “Resilient Copers,” also prioritized clinical clar-
ity and diagnostic language. Patient-focused labels, such as
“Feeling Overwhelmed by Pain” and “Staying Strong with Pain,”
captured the emotional and experiential aspects of the latent
profiles. In contrast, caregiver labels like “Pain and Worry Mix”
and “Doing Well” were crafted to acknowledge the challenges
and resilience observed by those in a supportive role. Table 2C
shows Llama 3.3 audience-specific labeling performed using
LangChain’s PromptTemplate and StrOutputParser. For clini-
cians, Llama 3.3 provided formal, high-technicality descriptors
such as “Emotionally Distressed Patient” and “Resilient Pain
Manager.” Patient-focused outputs, like “Challenged by Pain”
and “Resilient Copers,” emphasized personal experience and
emotional nuance. Labels for caregivers, such as “High Distress
Patient” and “Steady Progress Patient,” combined a recognition
of emotional burden with an optimistic view on adaptation
and progress.

Even though the inputs were the same, the three LLMs
showed different stylistic trends. Llama highlighted emotional
regulation and resilience across all classes, even when describ-
ing high-distress presentations (“Emotionally Distressed
Patient” vs other models’ “Maladaptive Pain Responders”).
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Table 2 Audience-adapted latent class labels generated by (A) ChatGPT-40, (B), DeepSeek-R1 and (C) Llama 3.3.

Audience Tone Technicality Classl Class2 Class3 Class4
(A)
Clinicians  Formal High Maladaptive Resilient Copers  Transitional Pain-Enduring Copers
Pain Responders Responders
Patients Empathetic Low Feeling Overwhelmed  Staying Strong Managing but Coping Even with
by Pain with Pain Sometimes High Pain
Struggling
Caregivers  Informal Low Pain and Worry Mix Doing Well Finding Gets Through
Their Way with Grit
(B)
Clinicians ~ Formal High High Pain- Resilient Moderate Pain High Pain
Maladaptive Coping Adaptive Copers  Intermediate Emotionally Aware
Coping
Patients Empathetic Low Stuck in Pain Cycle Managing Well Mixed Feelings Pain with
Understanding
Caregivers Informal Low Stuck in Safety Mode ~ Doing Middle Ground Thinks It Through
Pretty Well
(€)
Clinicians  Formal High Emotionally dis- Resilient Moderate Adapting Patient
tressed patient Pain Manager Challenged with Resilience
Individual
Patients Empathetic Low Challenged by Pain Resilient Copers  Balanced Emotionally
Mangers Aware Copers
Caregivers  Informal Low High Distress Patient Resilient Balanced Steady

Pain Manager

Coping Patient

Progress Patient

DeepSeek prioritized emotional experience and coping persis-
tence, incorporating emotionally resonant language (“Feeling
Overwhelmed by Pain,” “Pain and Worry Mix”). ChatGPT made
the most granular severity distinctions, using transitional lan-
guage to capture the range of presentations (“Managing but
Sometimes Struggling”). These stylistic variations may be signifi-
cant when choosing models for specific clinical settings or orga-
nizational communication styles, as they reflect different model
architectures and training data.

Across all LLMs, the generated class names reliably reflected
the core psychological and behavioral characteristics identified
by expert manual labeling, such as high distress and maladap-
tive behaviors, resilience and adaptive coping, or emotional reg-
ulation with high pain burden. This conceptual alignment shows
how well LLMs interpret latent class profiles and produce
audience-specific yet semantically accurate labels.

Discussion

In this study, we compared three advanced large language mod-
els (LLMs), ChatGPT-40, DeepSeek-R1, and Llama 3.3, for auto-
mating the labeling of latent classes using a CoT prompting
strategy. Our approach was grounded in previously established
latent class profiles,?” in which domain experts had identified
and categorized four distinct classes: Class 1 (“High Distress and
Maladaptive Behaviors”), Class 2 (“Resilient and Adaptive
Coping”), Class 3 (“Intermediate Maladaptive Patterns”), and
Class 4 (“Emotionally Regulated with High Pain Burden”). The
models were then prompted to generate class labels while

systematically considering the intended audience (clinician,
patient, or caregiver), the suitable tone (formal, empathetic, or
informal), and the selected level of technicality (high, medium,
or low). Analysis of the LLM-generated labels revealed consistent
audience adaptation and contextual nuance (Table 2). For clini-
cians, all models used a formal tone and high technicality, yield-
ing labels that emphasized diagnostic precision and behavioral
patterns. For instance, ChatGPT labeled Class 1 as “High Pain-
Maladaptive Coping,” while DeepSeek and Llama generated
“Maladaptive Pain Responders” and “Emotionally Distressed
Patient,” respectively. For patients, each model adopted an em-
pathetic tone with low technicality, resulting in more accessible,
supportive labels such as “Stuck in Pain Cycle” (ChatGPT),
“Feeling Overwhelmed by Pain” (DeepSeek), and “Challenged by
Pain” (Llama) for Class 1. For caregivers, labels were informal
and simple, often reflecting practical concerns or encourage-
ment, such as “Stuck in Safety Mode” (ChatGPT), “Pain and
Worry Mix” (DeepSeek), and “High Distress Patient” (Llama). It
was also clear that the models differed both stylistically and
substantively: Llama frequently focused on emotional regula-
tion and resilience, DeepSeek emphasized coping persistence,
and ChatGPT outputs tended to provide more thorough grada-
tions between moderate. There was significant conceptual over-
lap between the labels produced by LLM and the manual expert
labels that had previously been developed.?” Recent advances
in the field have demonstrated the unique capabilities of LLMs
for annotation and interpretability tasks. For instance, Tornberg
et al** provided compelling evidence that LLMs, particularly
GPT-4, substantially enhance text annotation in the social
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sciences, outperforming both traditional methods and human
coders in accuracy, and enabling more nuanced, context-
sensitive analysis. Nahum et al®® highlighted the promise of
LLMs for improving annotation reliability, including using en-
semble approaches (“LLM-as-a-judge”) to flag potential label
errors in existing datasets systematically. Building on these find-
ings, our work shows that LLMs can also be effectively leveraged
for automated class labeling in the health and behavioral sciences.
According to the thematic and content analysis results, the LLM
pipeline systematically assigned class labels to key bio—behavioral
features for every kind of audience. The CoT approach increased
transparency since most labels included clear, understandable
explanations of the reasoning behind each assignment. This pro-
motes the practical conversion of statistical findings into valuable
insights for end users maintaining scientific rigor.

This study has several strengths. First, the LLM-based labeling
approach is flexible enough to accommodate changing data
landscapes since labels can be produced quickly for any new
class solution or dataset without recurring expert consensus.
Due to the high degree of adaptation of the framework, labels
can be consistently and reproducibly adapted to different audi-
ences and communication contexts using standardized output
formats. The method also makes it easier to update and
improve label sets in response to new clinical or scientific
requirements by enabling quick prototyping and iterative devel-
opment. Other significant advantages of CoT prompting are
transparency and interpretability, which enable more candid
conversations with stakeholders and let users comprehend the
rationale behind each label. Further expanding the usefulness of
latent class modeling, the LLMs’ structured, machine-readable
outputs facilitate smooth integration with clinical decision sup-
port systems, patient education resources, and digital health
platforms. However, this study also has limitations. Due to the
biases in their training data, LLMs may not produce results that
accurately reflect all patient populations’ contextual or cultural
nuances. Importantly, this study did not include direct feedback
from end-users (clinicians, patients, or caregivers) on the inter-
pretability and utility of the generated labels, a key area for
future research.

Further research is needed to test these findings in different
clinical settings, assess user acceptance and comprehension,
and enhance prompt engineering methods to maximize contex-
tual fit and impact. Direct engagement with end-users is essen-
tial before broader clinical deployment. Future work should
include cognitive interviews with patients to evaluate label clar-
ity and personal relevance, focus groups with clinicians (ortho-
pedic surgeons, pain specialists, physicians) to evaluate
diagnostic accuracy and clinical utility, and brief implementa-
tion studies in clinical settings to assess real-world adoption
and impact on clinical decision-making. For more generalizabil-
ity, the framework must be expanded to encompass non-English
speaking populations and a greater range of healthcare scenar-
ios. LLM-generated labels’ contextual sensitivity and clarity will
also need further improvement through ongoing model updates
and prompt design enhancements. Finally, advancing clinical
decision assistance and tailored communication at scale may be
possible by integrating LLMs’ labeling pipelines into digital
health infrastructures.

Conclusion

This study shows that LLMs can efficiently and effectively gener-
ate interpretable, audience-specific labels for clinicians,
patients, and caregivers for latent class analysis in health and
behavioral research. Our approach bridges the gap between sta-
tistical modeling and practical, stakeholder-centered communi-
cation. Embracing LLM-based labeling frameworks improves the
clarity, consistency, and scalability of latent class analysis while
decreasing time to obtain expert consensus. These results high-
light the possibility of integrating LLM-driven labeling into
research and clinical practice, helping to achieve more transpar-
ent knowledge translation, improved decision-making, and per-
sonalized care.
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