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INTERACTIVE PLATFORM FOR SUPPORTING CLINICAL DECISION-MAKING
USING LARGE LANGUAGE MODELS (LLMs)

Current healthcare systems face increasing workload, fragmented communication, and documentation burden, which
contributes to delays and diagnostic errors in early triage. The proposed solution is intended to improve consistency, speed,
and standardization in early patient assessments overall. This study presents an interactive clinical decision support
platform that operationalizes a workflow-constrained, two-step history-taking process to support symptom-based
differential diagnosis in the pre-ambulatory phase of care. The system addresses three tasks: (T1) automated patient history
elicitation via constrained dialogue (exactly two multiple-choice follow-up questions), (T2) formalization of symptom narratives into
structured medical (Latinate) terminology for clinician-facing documentation, and (T3) generation of differential diagnosis
recommendations under a fixed and clinically interpretable output schema. We compare a generic large language model
baseline (GPT-4, zero-shot) with a domain-adapted model (Llama-3 fine-tuned using LoRA) under identical interaction,
prompting, and formatting constraints. Experiments on 903 symptom-diagnosis records and a held-out set of 200 controlled
vignettes show that domain adaptation yields a 10-12% macro-F1 improvement and approximately 15% higher Recall on complex
cases, while producing more clinically discriminative and diagnostically relevant follow-up questions as assessed by two medical
raters (x=0.88). In a workflow-level evaluation, the platform reduced documentation time by 28% compared to standard

intake and lowered the administrative effort required to prepare an initial clinician-facing summary for physician review.
These results suggest that specialized, locally deployable fine-tuned models, combined with bounded interaction design,
standardized output constraints, and workflow-oriented system integration, provide a secure, practical, and effective
pathway for incorporating LLM-based decision support into routine pre-ambulatory clinical workflows while preserving
safety, usability, and auditability in practice.

Keywords: clinical decision support; large language models; fine-tuning; LoRA; symptom-based diagnosis; medical Al.

Introduction become an important target for both patient safety

and operational resilience.
Currently, global healthcare systems are facing

critical pressure driven by the rising prevalence of
chronic diseases and a persistent shortage of specialized
medical personnel [1, 2]. This adverse condition results
in extreme clinician burnout, which directly correlates
with an increased risk of diagnostic errors and prolonged
waiting times [3, 4]. These systemic constraints
are particularly visible in high-throughput outpatient
settings, where clinicians must make rapid early
judgments based on incomplete or unstructured symptom
descriptions. Such early-stage clinical decision-making
is inherently affected by both aleatory uncertainty
arising from patient variability and epistemic uncertainty
caused by incomplete or imprecise information.
Prior work has shown that explicitly accounting for
these uncertainty sources is critical for improving the
reliability of decision-support systems, particularly when
decisions must be made under constrained information
conditions [5]. As a result, improving the efficiency
and consistency of pre-visit information gathering has

Analysis of modern publications

Within this context, Artificial Intelligence-based
Clinical Decision Support Systems (CDSS) are
increasingly explored as tools for streamlining initial
triage and symptom analysis [6]. Traditional digital triage
solutions typically rely on static questionnaires or
rule-based branching logic. While such approaches can
standardize data collection, systematic reviews report that
the diagnostic and triage accuracy of online symptom
checkers is wvariable and often below clinician
performance, with heterogeneous evidence on safety and
real-world effectiveness [7, 8]. These findings support the
need for approaches that better handle natural-language
variability and support clinically actionable structuring
of pre-visit information [6, 7].

The advent of Large Language Models (LLMs) has
initiated a new paradigm in natural language processing
within clinical practice by enabling flexible interpretation
and generation of free-text clinical narratives.
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Generic models, such as GPT-4, demonstrate strong
performance in medical benchmarks; however, their real-
world deployment remains limited by a propensity for
clinically irrelevant hallucinations and by insufficient
sensitivity to local documentation practices and
context [9, 10]. Recent evaluation work in healthcare
emphasizes that beyond benchmark scores, LLM
assessment must include safety- and workflow-relevant
criteria, because these directly affect trust and
deployment risk in safety-critical settings [10, 11].

Current research suggests that domain-specific fine-
tuning on curated medical datasets can mitigate these
deficiencies and enhance clinical usefulness [12-14].
Fine-tuning can improve task alignment and reinforce
clinically appropriate output formats, which s
particularly important when the system must produce
concise diagnostic hypotheses and structured summaries
rather than open-ended narratives [13, 14]. Parameter-
efficient approaches such as LoRA additionally enable
adaptation with lower computational requirements,
supporting locally deployable clinical systems [15].
At the same time, practical deployment requires
evaluation beyond headline benchmark scores, including
robustness across heterogeneous symptom descriptions
and consistency across disease categories [10, 11].
Taken together, existing work highlights a gap between
benchmark-oriented model evaluations and workflow-
constrained  pre-ambulatory  deployment,  where
reliability, bounded inquiry, and documentation-aligned
outputs are essential.

In this paper, we present an interactive platform
designed to assist clinicians in differential diagnosis
during the pre-ambulatory phase. Unlike static
questionnaires, our platform utilizes a multi-stage inquiry
process: upon the input of initial symptoms at intake,
the agent generates two targeted follow-up questions.
This approach aims to simulate expert-led anamnesis,
reduce ambiguity in the initial complaint, and prepare
a structured clinical record prior to the clinician
encounter. The primary contribution of this article is the
introduction of the platform’s architecture, followed
by a comparative performance analysis of generic models
versus models optimized through fine-tuning. In addition,
we discuss practical considerations for integrating
LLM-driven assistance into clinical workflows, with
emphasis on reliability, output constraints, and
deployment-relevant evaluation.

This study makes three primary contributions to the
design of large language model-based clinical decision

support systems. First, we propose a constrained,
interaction-centered triage paradigm that reframes the
role of LLMs from unconstrained conversational agents
to bounded clinical reasoning components embedded
in a realistic pre-ambulatory workflow. The proposed
protocol enforces a fixed two-step anamnesis consisting
of exactly two multiple-choice follow-up questions,
followed by a structured clinician-facing synthesis.
This design explicitly reflects time, cognitive, and safety
constraints of real-world triage and differs fundamentally
from prior approaches that rely on open-ended dialogue
or single-pass diagnosis prediction.

Second, we demonstrate that domain-specific fine-
tuning yields benefits beyond improved classification
metrics by systematically improving the discriminative
value of generated follow-up questions. Through supervised
instruction tuning that jointly encodes question generation
and diagnostic objectives, the fine-tuned model learns to
prioritize high-information clinical discriminators under
strict interaction limits. This finding provides empirical
evidence that adaptation of LLMSs can enhance the quality
of clinical information elicitation itself, a dimension that
is often overlooked in benchmark-driven evaluations.

Third, we introduce a modular, governance-oriented
system architecture that supports secure data ingestion,
privacy-preserving harmonization, LoRA-based fine-
tuning, versioned model release, and controlled deployment
of locally hosted models. By coupling workflow-level
constraints with model adaptation and deployment
governance, the proposed platform illustrates a practical
pathway for integrating LLM-driven decision support
into clinical environments while maintaining auditability,
safety, and operational feasibility.

System architecture and design

The architecture of the platform was designed with a
primary emphasis on modularity, data security, and
scalability. The system is implemented as a suite of five
collaborative microservices that collectively form
a secure end-to-end pipeline for data collection, model
training, and real-time inference. By separating ingestion,
harmonisation, training, governance, and serving into
dedicated components, the platform supports independent
updates and reduces the risk that a failure in one module
propagates across the entire system. This section
describes the technical infrastructure (Figure 1) and the
main data flow that enables continuous model
improvement and controlled deployment.
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Backend infrastructure
and model training pipeline

At the core of the system is the infrastructure shown
in Figure 1. The process starts at the Clinician Ul, which
is embedded in the hospital’s Electronic Health Record
(EHR) environment and enables authorized personnel to
stream or upload structured clinical data using the FHIR
(Fast Healthcare Interoperability Resources) standard [16].
The ingestion layer enforces access control and logging
to ensure traceability of submissions and to support
auditing in clinical environments. All incoming resources
are persisted in a Secure Data Lake as de-identified JSON
objects. Data at rest is protected using AES-256
encryption, while indexing and access are managed
through a dedicated key management service to enable
controlled key rotation and separation of privileges [17].

To ensure data quality and interoperability, a nightly
ETL (Extract, Transform, Load) and harmonisation
service is executed. This service validates schemas,
normalizes laboratory units, maps clinical terminologies
to a consistent representation, and tokenizes narrative
notes to reduce variation caused by heterogeneous
documentation practices. As an explicit privacy
safeguard, when fewer than 250 patients are included in
a cohort, the task applies calibrated Laplacian noise to
enforce differential privacy and reduce re-identification
risk in small-sample settings [18]. The harmonized data is
then transferred to the Model Trainer module, where
supervised fine-tuning is performed using Low-Rank
Adaptation (LoRA) [19]. LoRA attaches trainable
adapters to a frozen base checkpoint (Llama-3 in our
implementation), enabling efficient domain adaptation
with reduced computational and storage requirements
compared to full fine-tuning.

The resulting adapter weights are packaged together
with provenance metadata, including the dataset snapshot
used for training, the harmonisation configuration,
and evaluation artifacts required for release decisions.
These outputs are versioned in the Model Registry, which
provides a controlled mechanism for selecting approved
model versions and supports rollback in case of
regressions. Finally, the Conversation API loads the latest
approved weights from the registry to serve real-time
predictions for the chat widget, ensuring that inference
is always tied to a specific governed model version.
This closes the loop between data acquisition,
harmonisation, training, and deployment, while
maintaining clear separation between offline training
workflows and online clinical use.

Clinician Ul
(EHR plugin)

v

Ingestion Layer
(FHIR Gateway)

v

Secure Data Lake
(De-identified JSON)

v

ETL & Harmonisation
(Nightly)

v

Model Trainer
(LoRA SFT / Llama-3 base)

v

Model Registry » Conversation API

(Inference service)

Fig. 1. Data-to-Model pipeline architecture. The diagram shows
the data flow from clinician Ul to deployment via the
Conversation API

Figure 1 provides a detailed visualization of this
end-to-end data-to-model pipeline. The process is
initiated at the secure Clinician Ul boundary, which
employs the FHIR standard [16] to stream de-identified
clinical data into the system. The Ingestion Layer serves
as the first governance checkpoint, enforcing strict access
controls and creating an immutable audit log before
persisting data as encrypted JSON objects in the
Secure Data Lake.

This raw data is then processed by the nightly
ETL & Harmonisation Service, which performs three
critical functions:

1) schema validation and normalization of units;

2) mapping of disparate clinical terminologies to
a unified representation;

3) the application of differential privacy mechanisms
(calibrated Laplacian noise) for small cohort sizes
(<250 patients) to mathematically guarantee patient
privacy [18].

The resulting harmonized dataset is consumed by
the Model Trainer, where supervised fine-tuning of the
base LLM (Llama-3) is performed using Low-Rank
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Adaptation (LoRA) [19]. Unlike full fine-tuning, LORA
attaches trainable adapters to the frozen base model,
which drastically reduces the number of trainable
parameters and enables efficient, version-controlled storage
of the resulting domain-adapted weights. These compact
adapter weights, along with their associated training and
evaluation metadata, are versioned and stored in the
Model Registry. This registry acts as the system's "source
of truth" for approved models, enabling governance,
auditability, and the ability to perform instant rollbacks if
a regression is detected. Finally, the Conversation API,
which serves all live clinical interactions, is configured to
load only the latest, governance-approved model version
from this registry. This closed-loop design ensures that
every patient interaction is handled by a vetted and
traceable model instance, directly addressing key safety
and deployment concerns in clinical Al [10, 11].

User interaction workflow

The infrastructure described above (Figure 1)
provides the secure and governed foundation for online
inference via the Conversation API, which exposes only
approved model versions from the Model Registry.
Building on this deployment layer, the platform
implements a lightweight waiting-room interaction
designed to standardize pre-ambulatory data collection
while remaining efficient for patients. The workflow is
summarized in Figure 2 and is implemented as
a bounded, two-stage dialogue coordinated by two agents
that invoke underlying LLMs (either generic or fine-
tuned) rather than introducing additional independently
trained models.

The interaction begins with Patient input, where the
patient enters a free-text description of their main
complaints. This input is sent to the serving layer through
the Conversation API, which routes the request to the
currently approved model version. The first stage is
handled by Agent 1 (Questions generation). Agent 1 acts
as an orchestration component responsible for selecting
and structuring follow-up queries: given the initial
symptom description, it calls the underlying LLM to
produce exactly two targeted follow-up questions, each
formulated as a four-option multiple-choice item.
This design serves two purposes. First, the limited
number of turns ensures predictable duration and reduces
the risk of conversational drift. Second, the multiple-
choice format lowers patient cognitive burden and yields
standardized responses that can be reliably consumed by
downstream components. In practice, the four-option

responses also reduce ambiguity compared to open-ended
replies and simplify downstream synthesis.

Patient input
(Free-text symptoms)

'

Agent 1: Questions
generation
(Based on input generates 2 questions
with 4 options)

'

Patient response
(Selects 1 of 4 options for each
question)

'

Agent 2: Clinical output
(Latin symptoms summary & diagnosis
prediction)

Fig. 2. User interaction workflow. The diagram shows a
bounded two-agent dialogue from free-text symptoms
to clinical output

After the patient answers the first question, the
agent updates the dialogue state and triggers generation
of the second question, conditioned on both the initial
narrative and the first response. The patient then selects
one of the four options for the second question. At this
point, the workflow transitions to Agent 2 (Clinical
output), which is responsible for synthesis rather than
further elicitation.

Agent 2 aggregates the available information:

1) free-text symptoms;

2) the structured responses to both multiple-choice
questions and invokes a (generic or fine-tuned) LLM to
generate the final clinician-facing output.

Importantly, the agent logic enforces strict task
boundaries (two questions only) and separates the
elicitation objective from the synthesis objective, which
improves controllability of the output.

The resulting Clinical output consists of two
elements intended to support the physician during the
pre-ambulatory phase:

1) a concise symptom summary expressed in
professional medical (Latinate) terminology, formatted
as a preliminary anamnesis/record stub;
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2) a diagnosis recommendation to guide differential
diagnosis.

Importantly, the agents in this workflow function as
control logic that constrains the interaction (fixed number
of questions, fixed answer format) and routes requests to
the appropriate deployed model through the Conversation
API. This preserves the governance and versioning
guarantees of the backend pipeline while enabling
an adaptive, patient-friendly front-end experience.

User interface implementation

The User Interface (Ul) was designed with an
emphasis on simplicity and accessibility, as the target
audience includes patients of varying ages, health literacy
levels, and acute health conditions. As shown in Figure 3,
the interface evokes a conversational experience (chatbot
style), which is generally perceived as more natural
for describing symptoms than rigid form-based
questionnaires. The minimalist layout reduces visual
clutter and guides the patient toward a single primary
task: providing a concise free-text description of their
main complaint. The landing screen prominently

communicates the application’s purpose ("Patient just
walked in..."), which helps establish trust and sets
expectations before the automated triage begins.

In addition to free-text input, the Ul includes
a lightweight agent selection control that allows the
patient (or assisting staff) to choose the most appropriate
interaction pathway prior to submitting symptoms.
This selection corresponds to a specialty-focused agent
profile (e.g., dermatology for skin-related complaints),
enabling the system to tailor the behavior of Agent 1
toward clinically relevant follow-up questions for the
selected domain. For example, when a patient reports
a rash or other cutaneous symptoms, selecting the
dermatology-oriented agent biases the subsequent
question generation toward discriminators such as lesion
morphology, distribution, pruritus, or common triggers,
improving the informativeness of the two-step dialogue
while keeping the interaction bounded and easy to
complete. Importantly, the agent selector is presented
as a simple, clearly labeled option to avoid increasing
cognitive load; if no specialty is chosen, the system
defaults to a general triage configuration.

Patient just walked in. Their
medical report is already
finished.

Fig. 3. Patients enter initial symptoms and may select a specialty-focused agent

From a usability perspective, the multiple-choice
questions are displayed as clear, single-selection options,
which supports rapid interaction in the waiting room and
reduces the likelihood of incomplete or inconsistent
answers. After completion, the patient-facing Ul displays
a confirmation message, thanking the patient for their
input and informing them that their information is ready
for the physician’s review. Simultaneously, the platform

transmits the processed data to the clinician-facing
summary view within the clinical interface. In this secure
environment, the physician can review the generated
Latinate note stub and diagnosis suggestion alongside
other relevant patient records.

Overall, the Ul design supports a smooth waiting-
room workflow by combining natural language symptom
entry with structured, low-effort interactions, while the
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optional specialty agent selection provides a mechanism
for more context-aware questioning without exposing
technical complexity to the patient.

Methodology and experimental organization

The objective of the experiment was to quantify
the added wvalue of domain-specific fine-tuning
compared to high-performance generic models used in
a zero-shot setting.

The methodology focuses on three key areas:

1) curated dataset preparation from clinical records;

2) a reproducible fine-tuning protocol;

3)a multi-criteria  evaluation capturing both
diagnostic performance and the quality of the interactive
guestioning component.

Formalization of the workflow-constrained
diagnostic task
Let x denote the initial free-text symptom narrative
provided by the patient. The platform implements
a bounded interaction | consisting of exactly two
multiple-choice questions ¢,,q,, each with four answer

options, and the corresponding patient selections a;,a, .
The diagnostic task is defined as a multi-class prediction
over a fixed label set Y ={y,,...,y.} (here K=3).

Under a shared interaction specification, a model f

maps the collected information to a clinician-facing
output o and a diagnosis recommendation ¥ :

f:(x0,2,0,a,)—>(0y), JeY.
The interaction policy that generates questions
can be expressed as:

qn = g(xlq<n‘a<n)’ ne {1‘ 2}’
where g is constrained to produce exactly two questions

and to follow a fixed four-option multiple-choice format.

This formulation explicitly separates:

1) elicitation (question generation) from

2) synthesis (clinical summary and diagnosis),
enabling a controlled comparison between a generic
zero-shot model and a domain-adapted model under
identical constraints.

We test the hypotheses: H1: domain-specific fine-
tuning improves diagnostic performance (macro-F1,
Recall) under the bounded interaction protocol;
H2: fine-tuning improves the discriminative relevance
of generated follow-up questions as assessed by
clinician raters; H3: the bounded interaction design

supports workflow efficiency without requiring long
free-form dialogue.

Dataset curation and preprocessing

For training and validation, we used the publicly
available disease-diagnosis-dataset hosted on Hugging
Face, which provides free-text symptom descriptions
paired with diagnosis labels [20]. From the full corpus,
we filtered samples belonging to three target conditions
frequently encountered in acute and pre-ambulatory
settings:  diabetes (n=312), Chronic Obstructive

Pulmonary Disease (COPD, n=283), and persistent
asthma (n=302). The raw dataset was subsequently

cleaned and normalized (e.g., removal of duplicates
and incomplete entries, whitespace and punctuation
normalization, and label harmonization for synonymous
disease names). After preprocessing, the dataset was
downsampled to 903 samples to match the intended
experimental scale while preserving the class distribution
across the three conditions.

The preprocessing pipeline transformed the symptom
descriptions into a task-oriented representation reflecting
the intended platform use case: an initial symptom
narrative followed by a short, bounded interactive step
and a final clinician-facing output. Concretely, the dataset
was converted into “Instruction—Response"  pairs
following instruction-tuning methodology [21].

The instruction/input corresponded to the initial
patient complaint in free-text form, while the
response/target contained:

1) two follow-up questions formatted for a constrained
interaction (consistent with the platform design);

2) the final diagnosis label. The follow-up questions
were generated using a controlled template-based
procedure to ensure consistent formatting and to reduce
spurious variability across samples.

To support reproducibility, records were normalized
into a consistent schema prior to conversion
(e.g., standardized handling of missing fields and
consistent formatting of symptom mentions). The dataset
was then partitioned into an 80% training set and a 20%
validation set using a stratified split to preserve the class
proportions and prevent distributional shift between splits

Model selection and fine-tuning protocol
We compared two distinct modeling approaches:
Generic baseline (zero-shot): We utilized GPT-4
(OpenAl) [21] as the reference model, queried via
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a system prompt without additional training. The baseline
therefore reflects a "plug-and-play” deployment scenario
in which the model is expected to generalize to the triage
workflow without domain adaptation.

Fine-tuned model: We selected Llama-3 [22] as the
open-source base model and optimized it specifically for
the platform’s triage interaction and output requirements.

Fair comparison and prompting control

To ensure a fair comparison between the zero-shot
baseline and the fine-tuned approach, both models were
evaluated under the same interaction specification and
output constraints.

Concretely, the same system-level
template was used to enforce:

1) generation of exactly two follow-up questions;

2) each question being presented in a four-option
multiple-choice format;

3) a final clinician-facing output consisting of
a concise Latinate symptom summary and a single
diagnosis recommendation.

This experimental design minimizes the influence of
prompt engineering and response formatting differences,
such that observed performance changes can be attributed
primarily to domain adaptation through fine-tuning.

The training protocol employed LoRA [19], which
enables parameter-efficient fine-tuning by freezing the
base model weights and inserting trainable low-rank
matrices into the transformer layers. This approach is
particularly suitable for iterative experimentation and
controlled deployment, as only compact adapter weights
need to be versioned and served. Adapters were
trained using a context window of 256 tokens, a learning

rate of 2x10*, and the AdamW optimizer [23].
The optimization included 2,000 warm-up steps and early
stopping based on the macro-F1 score measured on the
validation set. Training was performed on four NVIDIA
A100-80GB accelerators, with convergence reached in
approximately three hours.

instruction

Evaluation metrics
The platform’s performance was evaluated across
two complementary dimensions — diagnostic accuracy
and interaction quality — to reflect the dual nature of the
system (prediction + targeted elicitation).

Diagnostic accuracy
The model’s ability to correctly predict the
diagnosis was measured using Precision, Recall, and

macro-averaged F1-score [24]. Evaluation was conducted
on 200 synthetic patient vignettes supplemented with real
laboratory values. Synthetic vignettes were used to
systematically control symptom phrasing, coverage of
key discriminators, and variability in presentation, while
laboratory values increased clinical realism and helped
test whether models can integrate structured signals with
narrative text. All evaluated cases were held out from
training and validation to avoid leakage.

Question relevance

Since a core feature of the platform is the generation
of exactly two follow-up questions, their quality was
assessed by two independent medical specialists.
From a decision-theoretic perspective, the effectiveness
of such a constrained interaction depends not on the
number of questions, but on their discriminative
importance with respect to the underlying diagnostic
hypotheses. This aligns with prior research on importance
analysis in decision-making systems, which demonstrates
that a small number of high-impact factors can dominate
the quality of the final decision outcome [25]. For each
vignette, raters evaluated whether the generated questions
were clinically relevant and whether they would plausibly
contribute to narrowing the differential diagnosis in
a pre-ambulatory setting. Inter-rater reliability was
quantified using Cohen’s (xk=0.88) [26],

indicating strong agreement and supporting the validity of
the human evaluation protocol. In addition to relevance,
the fixed multiple-choice format was considered in
the assessment, as the platform explicitly constrains
questions to four answer options to standardize patient
responses and reduce completion burden.

kappa

Results and discussion

Experimental results confirm that domain-specific
fine-tuning yields significant improvements in both
diagnostic accuracy and clinical documentation efficiency
compared to generic models. Importantly, the observed
gains were achieved without a trade-off in output safety,
as the factual error rate remained low and we did not
observe an increase in hallucinations.

Diagnostic performance comparison
Comparative analysis demonstrated a consistent
performance increase when using our domain-adapted
model. As shown in Table 1, the Fine-Tuned model
achieved higher scores across all key metrics (Recall,
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F1-score) compared to the GPT-4 reference (Generic
Baseline). These performance differences were statistically
significant (p<0.05), paired t-test) [27], indicating that

the observed improvements were systematic rather than
driven by isolated cases.

Table 1. Performance comparison between generic and fine-tuned models across three diagnostic groups

Diagnostic Group Metric Generic Baseline Fine-Tuned A (Improvement)
Diabetes Recall 0.71 0.83 +0.12
F1-score 0.73 0.83 +0.10
COPD Recall 0.67 0.79 +0.12
F1-score 0.69 0.80 +0.11
Asthma Recall 0.68 0.80 +0.12
F1-score 0.70 0.80 +0.10
The most substantial improvement (+19 percentage In contrast, the Fine-Tuned model generated

points in Recall) was observed in the detection of diabetic
nephropathy. We attribute this gain to improved alignment
with domain- and site-specific patterns, particularly in the
interpretation of laboratory and biomarker cues (e.g.,
local conventions for reporting serum cystatin-C), which
may be inconsistently expressed in generic model usage
without domain adaptation. In COPD diagnosis, the fine-
tuned model demonstrated an enhanced ability to
recognize early signs of right heart strain in a manner
consistent with GOLD-based severity cues [28]. For
asthma, the detection of nocturnal symptoms improved
significantly, suggesting better sensitivity to symptom
variability patterns frequently found in patient narratives.

These findings align with a broader trend reported in
the recent literature: constraining clinical LLM
workflows and adapting models to task-specific data can
improve reliability and reduce clinically unhelpful
outputs relative to generic, unconstrained use [29].
In addition, studies benchmarking LLM-supported
triage/diagnosis pipelines emphasize that workflow
design (not only the raw model) materially affects clinical
utility, particularly when outputs must be concise,
structured, and decision-oriented [30].

Qualitative analysis of generated questions

A qualitative analysis revealed a fundamental
difference in the nature of inquiry between the models.
The Generic Baseline tended to ask questions that were
semantically correct and empathetic but often clinically
non-discriminatory (e.g., broad prompts such as "How are
you feeling today?"). While such questions may improve
conversational tone, they frequently failed to narrow the
differential diagnosis efficiently under a bounded
two-question interaction, and therefore contribute less
under a Bayesian decision-making perspective [31].

questions that directly tested differential diagnostic
hypotheses. For example, for the input “chest pain”, the
model explicitly investigated discriminative features such
as pain character ('Is the pain sharp or dull?") and
radiation ("Does the pain radiate to the left shoulder
or jaw?"). Across evaluated cases, the fine-tuned model
more consistently prioritised high-yield discriminators
over generic well-being probes. This behaviour can be
interpreted as an implicit prioritisation of diagnostically
important factors under uncertainty, rather than a purely
conversational strategy. Similar prioritisation mechanisms
have been formalised in importance-based decision
models, where emphasising high-impact attributes leads
to more reliable outcomes even when the overall
information budget is limited [5, 25]. This observation is
consistent with prior work indicating that off-the-shelf
LLMs may produce conversationally plausible but
diagnostically low-informative follow-up questions,
motivating domain adaptation or workflow-level
constraints for clinically useful inquiry [32].

Impact on clinical workflow

Integration of the platform into the triage process
led to a 28% reduction in the time required to create
an initial clinical record (from an average of 7.6 minutes
to 5.5 minutes). A similar decrease was observed in
keystroke count, directly reducing clinician cognitive
load. In subjective evaluations using a Likert-type scale
and standard analytical interpretation for ordinal response
data [33], physicians reported a 2.1-point reduction in
perceived administrative burden, suggesting that the
benefit extends beyond objective efficiency measures.

These workflow-level improvements are directionally
consistent with results reported for LLM-assisted
documentation and ambient/digital scribe systems, where
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reductions in documentation burden and improved
clinical note efficiency have been observed in clinical or
near-clinical evaluations [34]. While our system focuses
specifically on the pre-ambulatory phase and uses
a constrained two-question interaction rather than
full-encounter transcription, the similarity in outcomes
supports the broader conclusion that appropriately
designed LLM integration can meaningfully reduce
clerical workload and improve clinical throughput.

Limitations

Several limitations should be considered when
interpreting these results. First, the evaluation was
conducted on a restricted diagnostic scope (three disease
groups), which may limit generalizability to broader
triage settings. Second, diagnostic performance was
assessed on 200 synthetic vignettes supplemented with
real laboratory values; although this design enables
controlled testing, it may not fully capture the variability
of real-world patient narratives and comorbid presentations.
Third, the interaction is intentionally constrained to two
multiple-choice follow-up questions, which improves
usability but may reduce performance for complex cases
requiring longer anamnesis. Finally, the workflow-level
impact metrics were collected in a specific clinical
context; therefore, measured time savings and perceived
burden reduction may differ across institutions,
documentation practices, and patient populations.

Conclusion

The present work investigated the development and
evaluation of an interactive platform for automated
clinical triage, representing a workflow-oriented
approach to supporting pre-ambulatory differential
diagnosis. The primary objective was to determine
whether high-capacity generic models used in a zero-shot
setting or smaller, specialized models optimized through
domain-specific fine-tuning are more suitable for this
type of diagnostic decision support. In addition to
accuracy, the study explicitly considered the quality of
follow-up questioning as a core mechanism through
which the platform reduces diagnostic uncertainty and
prepares a clinician-ready record prior to examination.

Our findings support the hypothesis that for well-
defined clinical tasks with constrained outputs, domain
adaptation provides a measurable advantage over
generalized model capabilities. While the generic model
(GPT-4) demonstrated high linguistic competence and

produced fluent responses, it was less consistent in
generating discriminatory follow-up questions that
effectively narrow the differential diagnosis under
the fixed two-question interaction constraint. In contrast,
the developed fine-tuned model — trained on curated
medical data — improved diagnostic performance
(macro Fl-score) and more reliably generated targeted
inquiries aligned with clinical reasoning patterns, thereby
producing higher-yield information for subsequent
synthesis into a structured clinical summary.

From a practical perspective, the platform
demonstrates direct relevance to healthcare efficiency and
usability. The observed 28% reduction in documentation
time suggests that constrained, workflow-integrated
automation can reduce clerical workload and support
clinicians in high-throughput settings. Importantly,
efficiency improvements were accompanied by positive
subjective feedback, indicating that the system can reduce
perceived administrative burden rather than merely
shifting effort to a different step of the workflow.
Together, these findings highlight that the clinical value
of LLM-based systems is not solely determined by model
scale, but by the interaction design, output constraints,
and task-specific optimization strategy.

The proposed system architecture also illustrates
a feasible path for governed deployment of locally hosted
models in clinical environments. Serving approved
model versions through a controlled API layer supports
auditability, wversion tracking, and rollback, while
reducing reliance on external cloud services for sensitive
data processing. Although security and privacy depend
on institutional implementation details, local deployment
can provide a stronger foundation for data minimization
and governance by Kkeeping inference within the
healthcare organization’s controlled infrastructure.

Future research will focus on extending the dataset
and evaluation beyond the current diagnostic scope to
cover a broader spectrum of conditions, including
pediatric presentations and high-acuity emergency
complaints. Further work will also include prospective
validation in real clinical operation to assess long-term
impact on diagnostic error rates, clinician workload, and
patient experience, as well as monitoring robustness
across diverse patient language, comorbidity profiles, and
varying documentation practices. Overall, the platform
represents a step toward hybrid medicine, where artificial
intelligence does not replace the physician but becomes
a bounded, reliable partner at the frontline of patient
contact, supporting structured data collection and
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accelerating early clinical decision-making. This is fully Funding
in line with the modern trend of precision or smart
medicine [35]. The study was conducted without financial support.
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IHTEPAKTUBHA IIVIAT®OPMA HIATPUMKH KJITHIYHUX PIINEHD:
APXITEKTYPA TA ITIOPIBHAJIBHA OLIHKA
3ATAJIBHOI TA TOYHO HAJIAIITOBJIEHOI JIATHOCTHUKH
3A CUMIITOMAMM 3A METOJOJIOI'IEIO (LLMS)

CyyacHi CHCTEMH OXOpPOHHM 3I0pOB’S CTHUKAIOTBCS 31 3pOCTAlOUMM HABAaHTKCHHSM, (ParMEHTOBAHOIO KOMYHIKAI[i€l0 Ta
OOTSDKIIMBICTIO JIOKyMEHTAIii, 1[0 TPU3BOIHUTE JI0 3aTPHMOK 1 JIarHOCTHYHUX ITOMHJIOK Ha €Talll NepBHHHOI COPTYBAaHHS IAIli€HTIB.
3anpomnoHoOBaHe PilICHHS NOKIMKAHE 3arajioM IiABUIIUTH Y3TOMKEHICTh, MIBUIKICTh Ta CTAaHAAPTH3ALII0 IPOLECY IEPBHUHHOI OLIHKU
namieHTiB. Y IbOMY JOCHIIKEHHI IIPEICTABICHO IHTEPAaKTHBHY IUIAaTGOpPMy MIiIATPHUMKH KIIHIYHHUX pIlIeHb, sSKa peasi3ye
JIBOCTYIICHEBHI Tpoliec 300py aHaMHe3y 3 OOMEKEHHM pPOOOYMM TMpolecoM s 3a0e3nedcHHs Iu)epeHLiaabHOl AIarHOCTUKH
Ha OCHOBI CHMITOMIB Ha [0aMOyJlaTOpHOMY eTami HaJaHHid MenuyHol pgomomoru. CucTemMa BHpIllye TpPH 3aBJaHHS:
(T1) aBroMaTH30BaHMii 30ip aHaMHe3y TIallicHTa 3a JOMOMOTOI OOMEXEHOro [ialory (TOYHO JBa JOIATKOBHX 3allHTaHHS
3 BapiaHTamu Bignosizei), (T2) ¢opmaiizamis omuCiB CUMOTOMIB y CTPYKTypOBaHy MEOMYHY (JaTHHCHKY) TEPMIHOJOTIIO UIs
JOKyMeHTalii, Mpu3Ha4eHol Jurs KiiHinucTiB, Ta (T3) reHepartis pekoMeHgamniil momo audepeHIianbHol TiarHOCTHKY 33 (hiKCOBaHOIO
Ta KIHIYHO iHTEPHPETOBAHOI CXEMOK BHBOIY. MH MOpiBHIOEMO 6a30By 3arajibHy BelMKy MoOBHY Mozenb (GPT-4, zero-shot)
3 MOJIeJUTIO, ajanToBano 1o nomeny (Llama-3, HanamToBaHoto 3a pomomoror LoRA), 3a ogHakoBHX 0OMEXEHb IOA0 B3aEMOIi,
migkazok Ta (QopmaryBanHs. Excnepumentn Ha 903 3ammcax CHMNOTOMIB Ta JIIarHO3iB 1 BHOKpPEMIICHOMY HaOopi
3 200 KOHTPOIILOBAaHMX BIHBETOK MOKA3ylOTh, LIO ajamTamis A0 AoMeHy 3abesrmedye mokpaiieHHs Mmakpo-F1 ma 10-12%
Ta npubim3Ho Ha 15% Bummii mokasHuk Recall y ckimagHux Bumazkax, BoJHOYAC TeHEPYIOYH KIIHIYHO OUTBII IMCKPUMiHATHBHI
Ta JIarHOCTUYHO PpEJIeBaHTHI JOJATKOBI 3alMTaHHS, 3a OLIHKOIO OBOX MenuuHHX ekcrmepTiB (K = 0,88). V ouiHmi Ha piBHI
poGoyoro mpomecy ImiIaThopMa CKOpOTWIAa dYac Ha JOKyMeHTalito Ha 28% TOpIBHAHO 3i CTaHJAPTHUM HpPUHOMOM
Ta 3MEHIIMIA aIMIHICTPATHBHI 3yCHJUIS, HEOOXiTHI U1 MiATOTOBKH IMOYAaTKOBOTO pe3toMe s Jikaps. Lli pe3dynmbpraTé cBigdaTh
Ipo Te, IO CHeLiai30BaHi, HAJAro/PKeHI MOJelNi, sIKi MOXKHA pPO3rOpTaTH JIOKAIBHO, y ITOEAHAHHI 3 OOMEXEHHM IH3aiiHOM
B3a€MOJIii, CTaHIAPTU30BaHUMU OOMEXKCHHSIMH Ha BUXIJHI JaHi Ta IHTETPAIi€l0 CHCTEMH, OPIEHTOBAHOK Ha poOOYMiA Tpolec,
3a0e3meuyioTh Oe3neyHuid, NpaKTHYHUKA Ta €(QEKTUBHUH LUIAX U1 BKIIOYEHHS MiATPUMKH NPHAHATTSA pilieHb Ha ocHOBI LLM
Yy PYTHHHI KJIiHI4HI poGoui mpouecH m0 amMOynaTOpHOTo JiKyBaHHs, 30epiraloud Npu IboMy Oe3IeKy, 3pyYHICTh BHKOPHCTAHHS
Ta MOXKJIMBICTB ay/IUTY Ha MPAKTHIIL.

Kiro4uoBi cioBa: minTpuMka KIIHIYHHMX pIlIeHb, MOJENI 3 BEJIMKOI MOBOIO TNPOTPaMyBaHHs; TOYHE HaJaIlTyBaHHSI,
LoRA; miarsocTrka Ha OCHOBI cuMIIToMiB; Meauunwmii 1111.
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