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Abstract

While large language models (LLMs) have shown promise in
healthcare, their application for rare medical conditions is still
hindered by scarce and unreliable datasets for fine-tuning.
Hyperhidrosis, a disorder causing excessive sweating beyond
physiological needs, is one such rare disorder, affecting 2-3%
of the population and significantly impacting both physical
comfort and psychosocial well-being. To date, no work has
tailored LLMs to advance the diagnosis or care of hyperhidro-
sis. To address this gap, we present LLM4Sweat, an open-
source and domain-specific LLM framework for trustworthy
and empathetic hyperhidrosis support. The system follows a
three-stage pipeline. In the data augmentation stage, a fron-
tier LLM generates medically plausible synthetic vignettes
from curated open-source data to create a diverse and bal-
anced question-answer dataset. In the fine-tuning stage, an
open-source foundation model is fine-tuned on the dataset to
provide diagnosis, personalized treatment recommendations,
and empathetic psychological support. In the inference and
expert evaluation stage, clinical and psychological special-
ists assess accuracy, appropriateness, and empathy, with vali-
dated responses iteratively enriching the dataset. Experiments
show that LLM4Sweat outperforms baselines and delivers the
first open-source LLM framework for hyperhidrosis, offering
a generalizable approach for other rare diseases with similar
data and trustworthiness challenges.

Introduction

Hyperhidrosis, characterized by excessive sweating beyond
thermoregulatory needs, affects approximately 2—3% of the
population and can significantly impair both physical com-
fort and psychosocial well-being (Strutton et al. 2004; Sol-
ish, Benohanian, and Kowalski 2007). Current therapeutic
protocols span from potent topical antiperspirants to ad-
vanced procedural interventions such as botulinum toxin
injections, microwave thermolysis (miraDry), iontophore-
sis, and endoscopic thoracic sympathectomy (Hong, Lupin,
and O’Shaughnessy 2012; Gregoriou et al. 2019; Martinez-
Herndndez et al. 2024). Despite the availability of these
treatments, reliable and personalized medical support for di-
agnosis, treatment selection, and psychosocial management
remains limited and unregulated (Parashar, Adlam, and Potts
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2023). Notably, the majority of cases represent primary hy-
perhidrosis, which is inherited and characterized by focal
symptoms and has been linked to several genetic loci (Hen-
ning, Pedersen, and Jemec 2019).

Beyond clinical progress, parallel efforts in engineering
have sought to improve diagnosis and daily management.
Examples include polymer-based insole designs using ad-
ditive manufacturing for plantar hyperhidrosis management
(Camargo et al. 2024), rectangular patch antenna electrolyte
sensors for sweat composition analysis (Sakhawat, Islam,
and Reza 2024), and a wearable system for continuous sweat
level monitoring (Bellapukonda, Mohan, and Sahu 2023).
Also, daily management devices are proposed, alongside
systematic engineering reviews of diagnostic and interven-
tion technologies (Lin and Fang 2022), illustrating the po-
tential for integrating engineering innovations into hyper-
hidrosis care. However, they remain largely decoupled from
intelligent reasoning systems that can deliver holistic diag-
nosis, treatment guidance, and psychosocial support.

LLMs have shown promising capabilities in a range of
healthcare applications, including diagnosis support (Sing-
hal et al. 2023), treatment planning (Zhao et al. 2025), and
patient counseling (Qiu and Lan 2024). However, their ap-
plication adapted to hyperhidrosis and similar rare disor-
ders remains largely absent. Unlike common conditions with
abundant datasets, hyperhidrosis suffers from scarce high-
quality data and fragmented, unreliable online information.
These gaps hinder the trustworthy use of LLMs in clinical
care and underscore the need for data-centric frameworks
that can turn limited resources into reliable medical knowl-
edge.

To address these limitations, we present LLM4Sweat, the
first open-source LLM framework designed for trustwor-
thy hyperhidrosis support. It overcomes the aforementioned
challenges through a three-stage pipeline. Our work makes
three key contributions: (1) we construct the hyperhidrosis
question-answer dataset from open-source data and generate
medically plausible synthetic vignettes by a frontier LLM;
(2) we introduce a closed-loop fine-tuning and expert-in-the-
loop evaluation pipeline that adapts open-source lightweight
LLM to perform three integrated tasks, provide diagnosis,
recommend treatment, and psychological support, within
a unified framework; and (3) experiments show that our
framework outperforms baselines and demonstrates strong
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Figure 1: Overview of our proposed LLM4Sweat framework.

potential for clinical deployment. Beyond addressing a criti-
cal gap in LLM adaptation for hyperhidrosis, it also offers a
transferable solution to tackle data scarcity and trustworthi-
ness challenges across other rare medical conditions.

Related Work
Clinical Diagnosis and Treatment of Hyperhidrosis

The diagnosis of hyperhidrosis is primarily clinical, relying
on patient history and physical examination, though these
assessments are often subjective in practice (Henning et al.
2021). Once identified, treatment typically follows a step-
wise approach, beginning with topical aluminum chloride
hexahydrate and advancing to oral anticholinergics, ion-
tophoresis, botulinum toxin injections, or device-based op-
tions such as miraDry (Hong, Lupin, and O’Shaughnessy
2012; Gregoriou et al. 2019). For severe and refractory
cases, surgical intervention with endoscopic thoracic sympa-
thectomy may be considered, although it carries a significant
risk such as compensatory sweating (Martinez-Hernandez
et al. 2024).

Engineering Solutions for Hyperhidrosis

Recent work has highlighted engineering-driven diagnos-
tic and monitoring innovations. Sakhawat et al. designed an
antenna-based electrolyte sensor using Whatman filter paper
to detect sodium and chloride concentrations in sweat for
palmoplantar hyperhidrosis patients (Sakhawat, Islam, and
Reza 2024). 3D-printed thermoplastic polyurethane insoles
have been developed to manage plantar hyperhidrosis by im-
proving comfort and reducing moisture retention (Camargo
et al. 2024). Hyun et al. leveraged machine learning mod-
els to classify hyperhidrosis types and predict compensatory
hyperhidrosis level after surgery with high accuracy (Hyun
et al. 2023). Bellapukonda et al. applied logistic regression
to predict sweat levels with high accuracy based on envi-
ronmental, physiological, and demographic variables, (Bel-
lapukonda, Mohan, and Sahu 2023). Lin and Fang (Lin and
Fang 2022) provided a comprehensive review of current and
potential hyperhidrosis interventions from both medical and
engineering perspectives, proposing smart wearable devices
for daily management.
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Synthetic Data in Healthcare

Synthetic data generation has emerged as a solution for med-
ical domains with limited annotated datasets (Peng et al.
2023). GAN-based models have also been used to expand
rare disease datasets (Kazeminia et al. 2020). Diffusion
models have been successfully applied to dermatological
imaging tasks, producing high-fidelity synthetic skin lesion
data to improve classifier robustness (Farooq et al. 2024).
For text-based healthcare tasks, LLM-driven augmentation
has improved performance in low-resource clinical NLP ap-
plications (Barr et al. 2025).

LLMs in Medical Applications

Recent work has shown that state-of-the-art LLMs such as
GPT and Llama achieve competitive performance in clinical
reasoning, treatment recommendation, and patient commu-
nication (Singhal et al. 2023). LLMs have also been used
for empathetic patient support (Alanezi 2024). Psychologi-
cal distress is also a key challenge in rare conditions such as
hyperhidrosis (Solish, Benohanian, and Kowalski 2007), un-
derscoring the need for both accurate medical guidance and
empathetic support.

Building on these advances, our framework leverages a
frontier LLM to generate medically plausible vignettes from
open-source hyperhidrosis-related data, converting scarce
and noisy real-world resources into a structured and bal-
anced dataset. This enriched dataset enables reliable fine-
tuning, equipping the model to provide trustworthy diag-
nostic reasoning, personalized treatment recommendations,
and empathetic counseling. Furthermore, in the inference
and expert evaluation stage, outputs by the fine-tuned model
from users’ queries are reviewed by clinical and psycho-
logical specialists, creating a feedback loop that further en-
hances accuracy, appropriateness, and trustworthiness.

Methodology

Figure 1 provides an overview of the LLM4Sweat frame-
work, which comprises closed-loop three stages: data aug-
mentation, fine-tuning, and inference with expert-in-the-
loop evaluation.



\ Diagnosis \ Treatment \ Overall
Model

| Acc Prec  Rec F1 | Acc  Prec Rec FI | Acc Prec  Rec Fl1
Llama-3.2-1B ‘ 0.425 0.595 0434 0425 ‘ 0.425 0.340 0.380 0.340 ‘ 0.425 0.543 0421 0.403
Llama-3.2-1B
(LLM4Sweat) 0.900 0.944 0.865 0.887 | 0.725 0.736 0.770 0.735 | 0.813 0.830 0.816 0.807
w/o Expert Eval
Llama-3.2-1B 0.925 0942 0909 0918 | 0.825 0.848 0.842 0.830 | 0.875 0.899 0.880 0.879
(LLM4Sweat) . . . . . . . . . . . .
Llama-3.2-3B ‘ 0475 0.798 0.491 0.569 ‘ 0.700 0917 0.683 0.753 ‘ 0.588 0.856 0.587 0.670
Llama-3.2-3B
(LLM4Sweat) 0.825 0.821 0.828 0.819 | 0.825 0.902 0.822 0.856 | 0.825 0.861 0.827 0.839
w/o Expert Eval
Llama-3.2-3B = | g g75 (883 (.850 0.861 | 0.925 0.941 0.917 0923 | 0.900 0902 0.898 0.900
(LLM4Sweat) . . . . . . . . . . . .

Table 1: Comparison of our LLM4Sweat framework against baseline models for hyperhidrosis diagnosis and treatment task
performance. We report accuracy (Acc), precision (Prec), recall (Rec), and F1 scores (F1) across models.

Data Augmentation Stage

We begin with a self-curated
hyperhidrosis-related data

Dreat = {(%ang)}zN:l )]

where g; is a patient query, a; is the corresponding answer,
and T} denotes the task label with j € {1, 2, 3} correspond-
ing to three tasks diagnosis, treatment, and counseling, re-
spectively. Dy is for testing the fine-tuned models.

To address the low-resource nature of hyperhidrosis-
specific data, we use a frontier LLM fy, with carefully de-
signed prompts to generate a vigenette synthetic dataset:

Dsyn = {(Q;wa;c’T]g)}llc\/[:l ~ f‘90 (@)

where ¢, denotes synthetic queries in vignettes and aj, rep-
resents the synthetic answers. They form synthetic ques-
tion—answer pairs for one of the defined task categories 7}.
Besides, we ensure balanced generation so that the three task
types T'', T2, and T are proportionally represented in Dgyy.

set of open-source

Fine-Tuning Stage

We fine-tune an open-source foundation model gy to the hy-
perhidrosis domain via supervised fine-tuning on Djy,. The
training objective maximizes the conditional likelihood of
the correct answer given the question and task:

D

(¢,0,T9)EDyyn

0" = argmax logpg(a | ¢, T7)
Inference and Expert Evaluation Stage

At inference time, a user query ¢"**" is assigned a task label
T:Pred based on the query context. The fine-tuned model gg-
generates a response:

i = go- (", TH),
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All generated outputs are validated by clinical specialists
and psychological counselors for accuracy, appropriateness,
and empathy. Validated output a, will be fed into the syn-
thetic dataset Dsy, created in the data augmentation stage to
further fine-tune gy~. This stage creates a dynamic training
loop where the fine-tuned model is iteratively refined with
validated expert feedback, improving both factual correct-
ness and trustworthiness over successive cycles.

Experiments

We evaluated and demonstrated the performance of the pro-
posed LLM4Sweat framework across diagnosis and treat-
ment tasks under low-resource conditions. The workflow
is present in Figure 2. All models operated in a controlled
evaluation environment, with prompt formats standardized
across tasks to ensure fairness, and inference executed on
a server with one NVIDIA A100 GPU to support efficient
training, testing, and fair comparison.

Datasets

Testing Dataset We curated a balanced evaluation bench-
mark of 80 multiple-choice questions (40 diagnosis, 40 treat-
ment) from open-access hyperhidrosis resources, includ-
ing International Hyperhidrosis Society (IHHS) (Interna-
tional Hyperhidrosis Society 2025), National Health Ser-
vice (National Health Service 2025), Mayo Clinic (Mayo
Clinic 2025a,b), DermNet (DermNet 2025), and Medline-
Plus (MedlinePlus 2025). Questions cover both the diagno-
sis of hyperhidrosis and evidence-based treatment strategies,
ensuring coverage of both clinical reasoning and therapeutic
guidance.

Synthetic Training Dataset To address data scarcity, we
generated 180 synthetic vignettes (90 diagnosis, 90 treat-
ment) using a frontier LLM (GPT-5) based on the real test-
ing dataset. All generated cases were prompted and filtered



Curated Open-source
Hyperhidrosis Data

Question: NHS advice: Sock and shoe tips
for people with sweaty feet?

Task: Treatment

Answer: D. Moisture-absorbing socks;
change at least twice daily; rotate
breathable shoes

Question: Primary vs secondary
hyperhidrosis: which pattern is typically
focal and begins earlier in life?

Task: Diagnosis

Answer: B. Primary (focal) hyperhidrosis

Question: A patient reports unilateral
sweating on one side only. Does this
pattern suggest primary or secondary
hyperhidrosis?

Task: Diagnosis

Answer: D. More suggestive of a
secondary cause, needs evaluation

Question: For palmar/plantar
hyperhidrosis, how effective is tap-water
iontophoresis?

Task: Treatment

L You are a clinical hyperhidrosis
specialist. Please generate vignettes for
fine-tuning a hyperhidrosis-tailored
LLM based on the real open-source data.

:@ Frontier LLM

l

&9 I"ve generated a synthetic vignettes
data (90 Diagnosis + 90 Treatment) based
on the 80 real Q&A.

Here are some example vignettes.

Question: Cameron is a 33-year-old male
with sweating focused on the palms,
present for many years.

Task: Diagnosis

Answer: D. Localized sweating (focal)

Question: Taylor is a 27-year-old female
with severe sweating focused on the palms.
Otherwise healthy. Which treatment is most

Enrich
‘—_

B

Q: I’'m embarrassed to shake hands because of my
sweaty palms. Can any medications help?

Hyperhidrosis-related
Queries

Q: I’'m nervous about surgery for sweating. What
are the risks and benefits of sympathectomy?

Q: Permanent cure for excessive palmar sweating?

l

Fine-tune . ;
RN @ — Hyperhidrosis
|
Open-source
Base LLM lValidated

A
v, ‘\‘ Expertise

!

_’/‘% Question: A 25-year-old female avoids
handshakes due to constantly wet palms...
Task: Treatment
Answer: C. Oral anticholinergics can help, but
may have side effects; topical options exist, too

g Question: A 23-year-old male has lifelong

thorough?

Answer: A. Effective for palmar and Task: Treatment

plantar hyperhidrosis; maintenance often

needed sympathectomy

(In total 40 Diagnosis and 40 Treatment Q&A)

Answer: D. Endoscopic thoracic

sweaty palms but no other symptoms. Family
history positive for similar symptoms.

Task: Diagnosis

Answer: C. Primary hyperhidrosis. It occurs
without underlying conditions.

Figure 2: A demonstration of LLM4Sweat workflow.

for medical plausibility. This synthetic training dataset is for
fine-tuning the open-source base LLMs before the inference
and expert evaluation stage.

Dynamic Training Dataset with Validated Clinical Data
In addition to the static synthetic dataset, we incorporated
iterative expert feedback cycles into the framework. In real-
world applications, after inferences for real users’ queries
about hyperhidrosis, the model outputs are reviewed by do-
main experts, and validated responses are fed back into the
dataset. In this experiment, we used the state-of-the-art LLM
to represent specialists for practice. This process created a
dynamic training corpus that improved alignment with clin-
ical expertise and further fine-tuned the base model. For one
cycle inference and expert evaluation, we got 40 outputs
and corresponding 40 validated responses (20 for diagnosis
and 20 for treatment) from specialists to enrich the synthetic
training set, which can be used to fine-tune base models.

Baselines and Our Models

We evaluated our framework against open-source
lightweight foundation models that had not been adapted
to the hyperhidrosis domain: Llama-3.2-1B and Llama-
3.2-3B. They served as baseline comparisons, reflecting
the performance of general-purpose LLMs when directly

40318

applied to rare medical conditions without domain-specific
fine-tuning.

In contrast, our proposed LLM4Sweat framework first
fine-tuned these same base models on the dynamic synthetic
training dataset composed of synthetic hyperhidrosis-related
vignettes and also validated expert feedback. This enabled
the models to learn domain-specific reasoning while main-
taining computational efficiency.

Performance Metrics

For both diagnosis and treatment tasks, we evaluated models
using four standard metrics: accuracy, precision, recall, and
F1 scores for both diagnosis and treatment tasks. Accuracy
provides an overall measure of correctness across all pre-
dictions, while Precision captures the proportion of model
outputs that are clinically correct among all predicted posi-
tives. Recall quantifies the ability to identify true positives,
a critical factor in medical contexts where missing a correct
diagnosis or treatment option may have serious implications.
The F1 score balances Precision and Recall, offering a more
stable indicator of performance.

These metrics collectively allowed us to assess not only
the correctness of model predictions but also their clinical
robustness and reliability. In particular, Recall and F1 are



especially important for hyperhidrosis-related tasks, where
overlooking appropriate treatment guidance or misclassify-
ing diagnosis categories could compromise patient care. By
reporting all four measures, we provided a comprehensive
evaluation of model performance and its potential for trust-
worthy clinical deployment.

Hyperparameter Settings

We trained the base models using LoRA-based supervised
fine-tuning implemented in the Hugging Face PEFT library.
This allowed us to efficiently adapt lightweight foundation
models while keeping the number of trainable parameters
small, making the framework more scalable for future de-
ployment. We present other key hyperparameters here. The
learning rate was tuned over {5 x 10765 x 10752 x
10*,1 x 1073}, and training epochs were in the range of
{1,3,5} across models. A LoRA dropout rate of 0.05 was
applied to improve generalization. For all the inference, we
used the same temperature = 0.7 and top-p = 0.9 across all
models.

These fine-tuning configurations and hyperparameter set-
tings provided a balance between training stability, effi-
ciency, and performance, enabling fair comparison between
baselines and fine-tuned models under the LLM4Sweat
framework.

Results
Comparison to Baselines

Table 1 presents the performance of LLM4Sweat compared
with raw baseline models on both diagnosis and treatment
tasks. Baseline foundation models do not perform well under
hyperhidrosis-specific evaluation, confirming that general-
purpose LLMs struggle in rare, data-scarce medical do-
mains. The smaller model, Llama-3.2-1B, achieves only
0.425 overall accuracy, with balanced but uniformly low
performance in diagnosis (0.425) and treatment (0.425).
The Llama-3.2-3B baseline shows modest improvements,
particularly in treatment (0.700), but overall performance
still remains insufficient (0.588). These results demonstrate
that, without targeted fine-tuning, both LLMs fail to pro-
vide accurate medical decision support. Beyond accuracy,
the baseline models also exhibit instability across precision,
recall, and F1. For Llama-3.2-1B, precision remains mod-
erate (0.543 overall), but both recall (0.421) and F1 (0.403)
are very low, reflecting frequent failures to capture true pos-
itives and poor balance between sensitivity and specificity.
Llama-3.2-3B achieves stronger precision (0.856 overall),
particularly in treatment tasks (0.917), yet recall (0.587) and
F1 (0.670) remain insufficient, indicating that while it can
produce correct answers in some cases, it struggles to con-
sistently identify them. These results also confirm that they
fail to provide stable and clinically trustworthy performance
across all evaluation metrics.

LLM4Sweat substantially outperforms baseline models
across both tasks. After fine-tuning on the generated syn-
thetic dataset, the 1B model achieves 0.925 diagnosis ac-
curacy and 0.825 treatment accuracy, yielding an overall
score of 0.875, more than doubling baseline accuracy. The
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3B model improves from 0.588 to 0.900 overall accuracy,
with diagnosis accuracy rising from 0.475 to 0.875 and treat-
ment from 0.700 to 0.925. Importantly, gains extend beyond
accuracy: both precision and recall increase, leading to F1
scores above 0.85 across all subtasks. This suggests that
LLM4Sweat not only improves correctness but also achieves
a better balance between sensitivity (capturing true posi-
tives) and specificity (avoiding false positives), both critical
for clinical safety and trustworthiness.

Taken together, these findings validate the effectiveness
of our data-centric fine-tuning strategy for our framework.
By augmenting scarce real-world data with medically plau-
sible synthetic cases and fine-tuning LLMs on the enriched
data from expert evaluation, LLM4Sweat successfully trans-
forms weak baseline models into high-performing, clinically
relevant assistants. Last but not least, the results illustrate
that even modestly sized LLMs, when fine-tuned carefully,
can achieve competitive performance on specialized medi-
cal tasks, making them practical for deployment in resource-
constrained environments.

Ablation Studies

To investigate the contribution of individual components, we
first compare unadapted baseline models against their fine-
tuned counterparts. As shown in Table 1, for the 1B model,
fine-tuning doubles performance, lifting overall accuracy to
0.813 and substantially improving both diagnosis (0.900 vs.
0.425) and treatment (0.725 vs. 0.425). Similarly, the 3B
baseline achieves only 0.588 overall accuracy, with diag-
nosis accuracy at 0.475 and treatment at 0.700. After fine-
tuning, the 3B model reaches 0.825 overall, 0.825 in diagno-
sis, and 0.825 in treatment, demonstrating that synthetic data
augmentation and domain adaptation are the critical drivers
of performance gains.

To further assess the contribution of expert-in-the-loop re-
finement, we compare fine-tuned models without and with
expert evaluation. The results show that expert evaluation
contributes measurable and consistent improvements across
both model sizes. On the 1B model, expert refinement raises
treatment accuracy from 0.725 to 0.825 and overall accuracy
from 0.813 to 0.875, while maintaining high diagnosis ac-
curacy (0.925). On the 3B model, diagnosis improves from
0.825 to 0.875, treatment from 0.825 to 0.925, and overall
accuracy from 0.825 to 0.900. In both cases, F1 scores in-
crease in parallel, indicating that expert validation enhances
not just raw accuracy but also the stability and consistency
of medical predictions.

These findings highlight two key insights of LLM4Sweat.
First, fine-tuning with enriched synthetic data is an impor-
tant driver of performance gains, elevating baseline mod-
els from near-random to clinically relevant levels. Second,
expert-in-the-loop refinement provides the final layer of
trustworthiness, ensuring that outputs are aligned with med-
ical plausibility and clinical expectations. This mirrors real-
world deployment needs: data-driven adaptation provides a
strong foundation, but structured expertise remains essential
for scaling applications.



Discussions and Limitations

The results highlight the effectiveness of the LLM4Sweat
framework in addressing the challenges of hyperhidro-
sis support, a domain traditionally limited by scarce and
noisy data. By combining generative augmentation with
domain-specific fine-tuning and expert evaluation, the sys-
tem achieved substantial performance improvements across
multiple open-source base LLMs, with two Llama3.2 mod-
els fine-tuned reaching overall accuracy and strong gains
in both diagnosis and treatment. Smaller variants, while
starting from weaker baselines, benefited markedly from
fine-tuning and further improved through inference-and-
expert-evaluation cycles. These findings confirm that both
data-centric (augmentation, fine-tuning) and process-centric
(structured inference, expert validation) stages are essential
to adapt general-purpose LLMs into trustworthy domain-
specific medical assistants.

Despite these promising outcomes, several limitations
remain. First, the current evaluation relies on 80 curated
multiple-choice questions, which, though carefully bal-
anced, may not capture the full complexity of real-world pa-
tient interactions, including multi-modal symptoms, longitu-
dinal histories, and emotional nuance. Second, expert eval-
uation was conducted in limited cycles; broader validation
across diverse clinicians and patient populations is necessary
to ensure robustness and fairness. Finally, deployment in
clinical settings involves non-trivial challenges beyond tech-
nical accuracy: integration with electronic health records,
regulatory approval, and alignment with ethical standards of
care. Addressing these challenges will be essential to transi-
tion LLM4Sweat from a research-stage prototype into a clin-
ically deployable decision support and patient guidance sys-
tem, and the framework offers a blueprint for extending this
approach to other rare and underrepresented medical condi-
tions.

Path to Deployment

As demonstrated in Figure 2, the LLM4Sweat workflow
shows a clear pathway toward deployment in real-world ap-
plications. The following aspects are essential for a trustwor-
thy and scalable deployment.

* Expert Evaluation: The immediate step centers on rig-
orous expert-in-the-loop evaluation. In this work, it is
done by the frontier LLM. In the future, the system will
undergo structured evaluations with dermatologists, hy-
perhidrosis experts, and psychologists specializing in hy-
perhidrosis to assess diagnostic reliability, treatment ap-
propriateness, and empathetic counseling quality. These
evaluations will validate accuracy and guide iterative re-
finement of the fine-tuned model and data augmentation
pipeline, ensuring that LLM4Sweat evolves into a clini-
cally credible tool aligned with real-world reasoning and
patient needs.

Progressive Integration: Building on this foundation,
LLM4Sweat can be gradually introduced into practice
through both clinician-facing and patient-facing appli-
cations. For physicians, it may serve as a clinical deci-
sion support system, surfacing Al-generated suggestions
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alongside patient records while preserving clinician au-
thority in decision-making. For patients, secure mobile or
web interfaces could provide educational content, coping
strategies, and personalized lifestyle guidance between
consultations, and eventually extend into treatment rec-
ommendations under medical supervision. Deployment
will follow established standard approval, medical con-
straints, and regulated certification.

Generalization Ability: Beyond hyperhidrosis, the pro-
posed methodology is transferable to other rare medical
conditions, offering a scalable way to deploy trustworthy
LLM-based assistants in underserved areas of medicine.

Conclusions

We present LLM4Sweat, the first open-source LLM frame-
work tailored for hyperhidrosis. By combining generative
data augmentation, domain-specific fine-tuning, and expert-
in-the-loop refinement, our approach addresses the chal-
lenges of data scarcity and trustworthiness. Experimental re-
sults across LLMs demonstrate that LLM4Sweat substan-
tially outperforms raw baselines, achieving high accuracy
in both diagnosis and treatment recommendation while im-
proving stability and sensitivity, highlighting the necessity
of both data-driven adaptation and expertise to ensure high
and reliable performance.

Looking ahead, LLM4Sweat offers a generalizable and
deployable method for applying LLMs in other rare medi-
cal conditions where curated data are insufficient but clinical
need is high. Future work will also extend to richer patient
cases, longitudinal scenarios, and multi-modal studies.
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