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Abstract—Large Language Models (LLMs) offer transforma-
tive potential for Clinical Decision Support (CDS) by processing
complex medical information and generating actionable insights.
However, ensuring their reliability, strict adherence to Clinical
Practice Guidelines (CPGs), and interpretability remains a crit-
ical challenge for safe clinical deployment. Existing methods,
such as prompting strategies and integrating external CPG
structures, provide guidance but do not intrinsically train the
LLM to execute procedural guideline logic. To address this gap,
we propose Procedural Guideline Execution Training (PGET), a
novel fine-tuning approach that trains LLMs to generate step-by-
step execution traces explicitly demonstrating the application of
CPG rules to a patient scenario. We evaluate PGET using diverse
LLMs on a synthetic dataset for COVID-19 outpatient treatment,
comparing it against Zero-Shot Prompting and established CPG
integration methods like Binary Decision Tree integration. Our
experiments, leveraging both automatic CPG adherence metrics
and expert human evaluation, demonstrate that PGET signifi-
cantly outperforms comparison methods in achieving higher CPG
adherence, clinical accuracy, and interpretability. The generated
execution trace provides valuable transparency, fostering trust
in the model’s recommendations. PGET offers a promising
path towards building more reliable, transparent, and guideline-
compliant AI systems for clinical decision support.

Index Terms—Large Language Models, Clinical Decision Sup-
port

I. INTRODUCTION

Clinical Decision Support (CDS) systems play a pivotal
role in modern healthcare by providing clinicians with timely,
evidence-based information to improve patient care quality,
reduce medical errors, and ensure adherence to best practices.
The rapid advancements in Large Language Models (LLMs)
have opened new avenues for developing more sophisticated
and intuitive CDS tools, leveraging their ability to understand
complex clinical narratives, process vast amounts of medical
knowledge, and generate coherent, contextually relevant text
[1]. The ability to understand complex patient histories and
medical literature makes LLMs attractive candidates for en-
hancing CDS systems [1].

Despite their potential, the application of general-purpose
LLMs in critical healthcare settings like CDS presents sig-
nificant challenges. A primary concern is the inherent risk
of generating inaccurate, non-factual, or ”hallucinated” in-
formation, which can have serious consequences in clinical
practice [2], [3]. Crucially, LLMs often struggle with strict
adherence to ever-evolving and context-dependent Clinical
Practice Guidelines (CPGs), which are the gold standard for
patient care [4]. Their internal knowledge might be general or
outdated, and they lack an inherent mechanism to follow the

precise, conditional logic specified in CPGs. Furthermore, the
decision-making process of LLMs can be opaque, hindering
clinician trust and acceptance [2].

Prior research has explored various methods to bridge the
gap between LLMs’ general capabilities and the need for
guideline-compliant CDS. These approaches have included
augmenting LLM inputs with retrieved CPG text, where the
robustness of the retrieval component itself is crucial [5],
[6], employing advanced prompting techniques like Chain-
of-Thought or few-shot examples to guide reasoning [7], or
pre-structuring CPGs into external formats such as decision
trees or knowledge graphs that the LLM can then query or
traverse during inference [8], [9]. While these methods have
shown promise in improving guideline adherence compared
to zero-shot prompting, they often rely on complex external
components or inference-time orchestration. They guide the
LLM using external structures or information but do not funda-
mentally train the LLM to internalize the procedural execution
of the guideline logic itself. Our work is motivated by the need
to develop a method that trains the LLM internally to perform
this structured, rule-based reasoning directly, aiming for more
intrinsic reliability and adherence to CPGs.

To address these challenges and train LLMs for robust,
guideline-compliant CDS, we propose Procedural Guideline
Execution Training (PGET). PGET is a novel fine-tuning
paradigm that teaches LLMs to generate an explicit, step-by-
step trace of applying CPG rules to a given patient scenario.
The core idea is to transform CPGs and patient data into
structured training examples where the LLM learns to output
the precise logical steps, referencing specific guideline clauses
used, that lead to a clinical decision. This forces the model
to internalize the conditional branches and decision points
defined by the CPG, making its reasoning process more
structured, transparent, and verifiable against the guideline
itself. By training on these execution traces, we aim to endow
the LLM with an inherent capability to follow procedural
clinical logic.

To evaluate the effectiveness of PGET, we conduct experi-
ments using a diverse set of four prominent Large Language
Models: GPT-4, GPT-3.5 Turbo, LLaMA, and PaLM 2 [9].
Our evaluation focuses on the critical task of clinical decision
support for COVID-19 outpatient treatment, utilizing synthetic
patient descriptions designed to simulate real-world clinical
scenarios and test the models’ ability to apply relevant guide-
lines [9]. We compare the performance of LLMs fine-tuned
with PGET against baseline Zero-Shot Prompting (ZSP) and
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strong prior methods such as Binary Decision Tree (BDT)
integration [9].

Our experiments employ a rigorous evaluation framework
combining automatic metrics and expert human assessment.
Automatic evaluation quantifies adherence to key CPG rec-
ommendations and the accuracy of proposed treatments or
actions. Crucially, human evaluation involves blinded review
by clinical professionals who critically assess the generated
recommendations for clinical accuracy, appropriateness, safety,
completeness, and the degree of adherence to the specified
guidelines. Our results demonstrate that LLMs fine-tuned with
PGET achieve significantly higher performance and greater
CPG adherence compared to both the ZSP baseline and exist-
ing integration methods like BDT, highlighting the efficacy of
training the model to execute guideline logic.

In summary, this paper makes the following key contribu-
tions:

• We identify the limitation of existing CPG integration
methods in training LLMs to internalize procedural
guideline logic and propose Procedural Guideline Exe-
cution Training (PGET) as a novel fine-tuning paradigm
to address this gap.

• We develop a method for creating structured training data
comprising patient scenarios, relevant CPGs, and detailed
execution traces, enabling LLMs to learn the step-by-step
application of clinical guidelines.

• We provide empirical evidence through comprehensive
automatic and human evaluations demonstrating that
PGET significantly enhances LLM performance and ad-
herence to Clinical Practice Guidelines for clinical de-
cision support, surpassing baseline and prior integration
methods.

II. RELATED WORK

A. Large Language Models

Large Language Models (LLMs) represent a significant
paradigm shift in artificial intelligence, characterized by neural
network architectures, primarily the Transformer [10], scaled
to billions or trillions of parameters and trained on vast
amounts of diverse text data [11], [12]. This scaling has led
to remarkable capabilities, including fluent and coherent text
generation, few-shot learning where models can perform new
tasks given only a few examples without explicit fine-tuning
[10], and the emergence of instruction following abilities
when fine-tuned on instruction datasets [13]. Research further
explores how to generalize capabilities, for instance, from
weaker models to stronger ones, especially when models
possess multiple capabilities [14].

Early and influential work explored the scaling laws govern-
ing the performance of language models, revealing predictable
relationships between model size, dataset size, compute, and
performance, which guided the development of larger models
[12], [15]. Subsequent research introduced increasingly larger
and more capable models, such as the Generative Pre-trained
Transformer (GPT) series, LaMDA, and PaLM, demonstrat-
ing advanced text generation, reasoning, and conversational

abilities across a wide range of topics [10], [16], [17]. Such
reasoning capabilities are continuously being explored and
refined, sometimes extending into multi-modal domains and
long-context understanding [18].

The impressive general-purpose language understanding and
generation capabilities of LLMs have spurred interest in
their application across numerous domains. However, despite
their strengths, LLMs also present considerable challenges,
including potential biases, the risk of generating non-factual
or ”hallucinated” information, and difficulties in ensuring their
outputs are reliable and strictly adhere to domain-specific
constraints or guidelines [19]. Understanding and mitigating
these limitations remains an active area of research as the
field explores how to safely and effectively deploy these
powerful models in specialized applications. Comprehensive
surveys provide detailed overviews of the architectures, train-
ing techniques, capabilities, and challenges associated with
these models [11].

B. Medical Large Language Models

Building upon the general capabilities of LLMs, there is a
rapidly growing body of research focused on their application
within the medical and healthcare domains [20]–[22]. This
involves both evaluating general-purpose LLMs on medical
tasks and datasets, as well as developing and fine-tuning
models specifically for medical applications, often referred
to as medical LLMs [22]. This specialization often involves
adapting models to handle multi-modal medical data, such as
training Large Vision-Language Models with domain-specific
feedback mechanisms [23].

Medical LLMs are being explored for a wide range of
potential uses across the healthcare ecosystem. Prominent
application areas include enhancing Clinical Decision Sup-
port (CDS) by assisting with diagnosis, treatment recommen-
dations, and medical knowledge retrieval [20], [21], [24],
[25]. They are also being investigated for their potential in
medical education, serving as tools for learning, assessment,
and accessing medical information [21], [26]. Furthermore,
LLMs show promise in streamlining healthcare administration
tasks, such as summarizing clinical notes or automating report
generation [21], [22], and in improving patient education and
engagement by generating understandable health information
and supporting communication [21], [27]. Efforts include
benchmarking the performance of various LLMs on com-
prehensive medical tasks to understand their strengths and
weaknesses in this domain [25]. Foundational research in
related areas, such as improving cross-modal alignment [28],
interpreting varied inputs like sketches for storytelling [29],
and developing style-aware generation for tasks like captioning
[30], may also inform the development of more sophisticated
multi-modal medical AI applications in the future.

Despite the exciting potential, the deployment of medical
LLMs in clinical practice faces unique and critical challenges.
Ensuring the factual accuracy and reliability of medical in-
formation generated by these models is paramount, given the
high-stakes nature of healthcare decisions [24], [31]. Issues
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such as hallucination, bias perpetuation, patient privacy, data
security, and the need for robust ethical frameworks require
careful consideration [20], [24], [32]. Trustworthiness and
interpretability are also crucial for clinical adoption, as health-
care professionals need to understand the basis of AI-generated
recommendations [24], [33]. Review articles summarize the
current state of applications, challenges, and opportunities for
LLMs in various facets of medicine [20]–[22], [32]. Our work
contributes to this field by focusing on a specific, critical aspect
of CDS: training LLMs for reliable and transparent adherence
to Clinical Practice Guidelines.

III. METHOD

A. Model Category and Suitability

Our work builds upon the capabilities of Large Language
Models (LLMs). These models are fundamentally generative
in nature, trained primarily through unsupervised learning
objectives, most commonly predicting the next token in a
sequence given the preceding context. This autoregressive
process, where the model computes the probability distribution
over its vocabulary for the next token and samples or selects
from it, is repeated until a stop condition is met. The output
is a coherent sequence of text. For the task of Clinical
Decision Support (CDS), where the desired output involves
not only identifying a recommendation but also potentially
explaining the reasoning behind it in natural language, the
generative nature of LLMs is inherently suitable. Unlike purely
discriminative models that might classify or predict a single
outcome from a fixed set, generative models can produce
free-form text, allowing for detailed recommendations and,
crucially for our method, structured explanatory traces of the
decision-making process based on clinical guidelines.

B. Procedural Guideline Execution Training (PGET)
Overview

We introduce Procedural Guideline Execution Training
(PGET) as a specialized fine-tuning strategy designed to
enhance the intrinsic ability of generative LLMs to adhere
to Clinical Practice Guidelines (CPGs). The core idea is to
train the LLM to generate a step-by-step ”execution trace” that
explicitly mirrors the conditional logic and decision pathway
prescribed by a given CPG for a specific patient scenario.
Instead of merely training on input-output pairs (Patient State
→ Recommendation), PGET trains the model to output the
detailed intermediate steps, thereby teaching the model how
to apply the rules. The input to the model during PGET
fine-tuning is a combination of the patient’s clinical state
and the relevant CPG text. The target output is a structured
sequence comprising the explicit CPG application steps (the
trace) followed by the final recommendation.

C. Data Preparation for PGET

The success of PGET is contingent on the construction of
a specialized training dataset D. Each instance in D is a pair
(X,Y ), where X is the input prompt and Y is the target output
sequence.

A patient’s clinical state is represented as a structured set of
attributes and their values, denoted as Sp. We can think of Sp

abstractly as a collection of facts or observations {(ai, vi)}ni=1,
where ai is a clinical attribute (e.g., ”symptom presence,” ”lab
value,” ”oxygen saturation”) and vi is its specific value for the
patient (e.g., ”present,” ”mild,” ”> 94%”).

A relevant Clinical Practice Guideline G is treated as a set
of operational rules {Rj}mj=1. Each rule Rj consists of a set
of conditions Cj and one or more associated actions or rec-
ommendations Aj . The conditions Cj are logical expressions
that are evaluated against the patient state Sp. For example, a
condition could be (afever = present)∧(aoxygen saturation < 90%).

The crucial component of our data preparation is the gen-
eration of the execution trace T . For a given Sp and CPG G,
the trace T = (s1, s2, . . . , sk) is a sequence of intermediate
steps generated by conceptually ”executing” the CPG logic
using the patient’s state. Each step si in the trace explicitly
states:

1) The specific rule Rj or decision point being considered
from G.

2) The evaluation of its condition(s) Cj against Sp, noting
which parts of Sp were used.

3) The outcome of the condition evaluation (e.g., ”Condi-
tion met,” ”Condition not met”).

4) The action Aj triggered by the condition outcome, or
the determination of the next rule to evaluate.

This process simulates a rule-following agent navigating the
guideline based on patient data. The trace T explicitly records
this navigation. The final step of the trace leads to the ultimate
clinical recommendation, denoted as Rec.

The input X for fine-tuning is constructed by concatenating
a task instruction, the serialized patient state Sp, and the text
of the CPG G. The target output sequence Y that the model
is trained to generate is the concatenation of the detailed
execution trace T and the final recommendation Rec:

X = Instruction∥Serialize(Sp)∥Textualize(G) (1)
Y = Textualize(T )∥Textualize(Rec) (2)

Here, ∥ denotes sequence concatenation, and Serialize and
Textualize represent processes of converting structured data
into token sequences appropriate for the LLM.

D. The PGET Objective Function

PGET fine-tunes the pre-trained LLM by optimizing its
parameters θ to maximize the probability of generating the
target sequence Y given the input sequence X . This is
achieved by minimizing the negative log-likelihood of the
target sequence tokens, which is the standard objective for
generative language models. Given a training pair (X,Y ),
where Y = (y1, y2, . . . , yL) is the sequence of target tokens,
the loss function for this pair is:

L(X,Y ; θ) = −
L∑

i=1

logP (yi|y1, . . . , yi−1, X; θ) (3)
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This equation represents the negative sum of the log proba-
bilities of each target token yi, conditioned on the input X
and all preceding target tokens (y1, . . . , yi−1), as predicted
by the model with parameters θ. The probability P (yi| . . . ; θ)
is computed by the model’s softmax output layer over its
vocabulary at each generation step.

The overall training objective for PGET is to minimize
the expected loss over the entire training dataset D, which is
approximated by the average loss over all training instances:

LPGET(θ) =
1

|D|
∑

(X,Y )∈D

L(X,Y ; θ) (4)

By minimizing this loss, the model learns to generate not only
the correct final outcome but also the precise intermediate
steps defined by the procedural execution trace, effectively
internalizing the guideline’s logic and control flow.

E. Training Procedure

The PGET fine-tuning process employs iterative optimiza-
tion. Training data is divided into mini-batches. For each mini-
batch, the input sequences X are fed into the LLM, and the
model computes the loss L(X,Y ; θ) for each instance by
comparing its predicted next-token probabilities against the
actual next tokens in the target sequences Y . The losses are
averaged over the mini-batch to get the batch loss.

The gradients of the batch loss with respect to the model
parameters θ, denoted ∇θLPGET, batch(θ), are computed using
backpropagation. The model parameters are then updated
using an optimization algorithm. We utilize the AdamW
optimizer, which is common for transformer models, applying
a learning rate η:

θ ← θ − η · OptimizerUpdate(∇θLPGET, batch(θ), θ) (5)

A learning rate schedule, such as linear warm-up followed
by decay, is typically employed to manage convergence. The
fine-tuning process continues for a predetermined number of
epochs, or until performance on a validation set plateaus.
Regularization techniques like weight decay and dropout are
applied to stabilize training and improve generalization.

F. Inference with PGET-trained LLMs

Following PGET fine-tuning, the LLM is ready for inference
on new patient scenarios and relevant CPGs. Given a new
input X ′ (constructed from a novel patient state and CPG), the
model generates the output sequence Y ′ = (y′1, y

′
2, . . . , y

′
L′)

token by token autoregressively, based on the learned proba-
bility distribution P (y′i|y′1, . . . , y′i−1, X

′; θ). At each step i, the
model calculates this probability distribution over the vocabu-
lary and selects the next token y′i (e.g., using greedy decoding,
beam search, or sampling). The generation continues until
an end-of-sequence token is produced. The resulting output
sequence Y ′ is expected to contain the explicit execution
trace, detailing how the model applied the CPG rules to the
patient’s specific conditions, followed by the derived clinical
recommendation. This generated trace provides the crucial
element of transparency, allowing clinicians to inspect the

steps the model took, enhancing trust and facilitating clinical
validation of the AI-generated advice.

IV. EXPERIMENTS

A. Experimental Setup

To rigorously evaluate the performance of our proposed
Procedural Guideline Execution Training (PGET) method,
we conducted a series of comparative experiments involving
multiple large language models and established baseline and
state-of-the-art methods from related work.

We selected four widely-used and architecturally diverse
Large Language Models as the basis for our experiments:
GPT-4, GPT-3.5 Turbo, LLaMA, and PaLM 2. These models
represent a range of sizes and training methodologies, allowing
us to assess the generalizability of PGET across different LLM
backbones.

The evaluation was performed on a dataset consisting of
synthetic patient descriptions simulating various clinical sce-
narios related to COVID-19 outpatient treatment. This dataset
was designed to cover a representative spectrum of patient
conditions, risk factors, and symptom severities, requiring the
application of specific decision points within relevant COVID-
19 treatment guidelines. The dataset comprised a substantial
number of distinct patient cases, each paired with the applica-
ble section of the clinical practice guideline relevant to their
management.

We compared the performance of LLMs enhanced with
PGET against several established and contemporary methods
for incorporating CPGs into LLMs for CDS:

• Zero-Shot Prompting (ZSP): This serves as a basic
baseline where the LLM is given the patient scenario and
CPG text and asked to provide a recommendation without
any method specifically designed to enforce guideline
structure or logic.

• Binary Decision Tree Integration (BDT): A method that
structures the CPG as a binary decision tree and uses the
LLM to navigate this structure based on patient attributes.
This approach represents externally driven, structured
guidance.

• Chain-of-Thought Few-Shot Prompting (CoT-FSP):
This method utilizes prompting with a few examples
demonstrating step-by-step reasoning to guide the LLM’s
inference process towards a guideline-compliant conclu-
sion.

• Program-Aided Graph Construction (PAGC): An ap-
proach that represents the CPG as a graph and employs a
program-aided method involving the LLM to process and
traverse this graphical representation for decision support.

For PGET, the LLMs were fine-tuned as described in Section
3, learning to generate procedural execution traces alongside
recommendations on the synthetic dataset. For ZSP, CoT-
FSP, and PAGC, appropriate prompting or external structures
were applied at inference time according to their respective
methodologies.
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TABLE I
AUTOMATIC EVALUATION: CPG ADHERENCE SCORE (%)

Method GPT-4 GPT-3.5 Turbo LLaMA PaLM 2

Zero-Shot Prompting (ZSP) 75.1 74.3 71.0 73.5
Program-Aided Graph Construction (PAGC) 84.4 82.8 80.2 83.7
Chain-of-Thought Few-Shot Prompting (CoT-FSP) 86.2 84.5 82.1 85.3
Binary Decision Tree Integration (BDT) 89.5 87.3 85.0 88.0
Procedural Guideline Execution Training (PGET) 91.8 89.6 87.1 90.1

TABLE II
HUMAN EVALUATION: % OUTPUTS RATED FULLY GUIDELINE COMPLIANT / CLINICALLY ACCURATE

Method GPT-4 GPT-3.5 Turbo LLaMA PaLM 2

Zero-Shot Prompting (ZSP) 65.5 / 70.1 64.8 / 69.5 61.2 / 65.8 63.9 / 68.3
Program-Aided Graph Construction (PAGC) 76.1 / 79.3 74.0 / 77.1 71.5 / 74.8 75.2 / 78.5
Chain-of-Thought Few-Shot Prompting (CoT-FSP) 78.9 / 81.4 76.5 / 79.0 74.1 / 76.5 77.8 / 80.2
Binary Decision Tree Integration (BDT) 82.3 / 85.1 80.1 / 83.4 78.5 / 81.9 81.5 / 84.7
Procedural Guideline Execution Training (PGET) 89.1 / 91.5 86.7 / 89.3 84.3 / 86.8 87.9 / 90.2

B. Evaluation Metrics

We employed a dual-faceted evaluation strategy to assess the
models’ performance comprehensively: automatic evaluation
using objective metrics and human evaluation by clinical
experts.

Automatic Evaluation: We developed automated metrics
to quantify key aspects of the models’ output against a gold
standard derived from the CPGs. The primary metric was
CPG Adherence Score, measured as the percentage of crit-
ical decision points and final recommendations that correctly
aligned with the specified clinical guideline for each patient
case. This involved parsing the generated output (including
the trace for PGET and BDT where applicable, and the
final recommendation for all methods) and programmatically
verifying consistency with the expected CPG pathway given
the patient’s attributes.

Human Evaluation: A panel of experienced clinical re-
viewers, blinded to the method used to generate each response,
evaluated a subset of the model outputs. Reviewers assessed
each response based on several criteria: Clinical Accuracy
(medical correctness and appropriateness), Guideline Compli-
ance (strict adherence to the provided CPG), Safety (potential
for harm), Completeness (addressing all relevant aspects of
the patient’s case according to the CPG), and Interpretability
(clarity and logical flow of the reasoning, particularly for
methods generating traces). The experts provided ratings or
binary judgments for each criterion, and their assessments
were aggregated for analysis.

C. Automatic Evaluation Results

The results from the automatic evaluation are presented in
Table I. The table shows the average CPG Adherence Score
across the test set for each method and each LLM.

As shown in Table I, the PGET method consistently
achieved the highest CPG Adherence Scores across all evalu-
ated LLMs. Compared to the Binary Decision Tree Integration
(BDT) method, which represents a strong existing approach,

PGET demonstrated an average improvement of approximately
2.3 percentage points in CPG adherence across the models.
Both PGET and other structured integration methods sig-
nificantly outperformed the Zero-Shot Prompting baseline,
highlighting the necessity of incorporating CPG information.
These results provide strong quantitative evidence that training
the model to generate procedural execution traces leads to a
higher degree of automatic adherence to clinical guidelines.

D. Analysis of PGET’s Effectiveness
The superior performance of PGET in automatic evaluation

metrics can be attributed to its core training objective: explic-
itly teaching the LLM the step-by-step process of applying
CPG rules. By training the model to generate the execution
trace, we compel it to internalize the conditional logic and
decision points defined by the guideline. The model learns
not just the final answer, but the pathway to arrive at that
answer, directly referencing the rules being applied. This pro-
cedural learning contrasts with methods like BDT or PAGC,
which rely on the LLM accurately navigating a pre-defined
external structure at inference time, or CoT-FSP, which uses
examples to guide reasoning, or ZSP, which relies solely on the
model’s pre-existing, unstructured knowledge. The PGET fine-
tuning process creates a more robust internal representation of
the guideline’s logic within the LLM’s parameters, making
its adherence less susceptible to the variability inherent in
prompting or external tool interactions during inference. The
generated trace serves as an internal blueprint that guides the
final recommendation and reinforces the learned procedure.

E. Human Evaluation Results
The human evaluation by clinical experts corroborated the

findings from the automatic metrics and provided deeper
insights into the clinical utility of the methods. Table II
summarizes the average ratings from the human review, specif-
ically focusing on the percentage of recommendations rated as
”Fully Guideline Compliant” and ”Clinically Accurate/Safe”
by the experts.
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TABLE III
AUTOMATIC EVALUATION: CPG ADHERENCE SCORE (%) BY DECISION TYPE (AVERAGE ACROSS LLMS)

Method Simple Decisions Complex/Branching Decisions

Zero-Shot Prompting (ZSP) 78.5 69.2
Binary Decision Tree Integration (BDT) 92.1 85.8
Procedural Guideline Execution Training (PGET) 94.5 90.2

TABLE IV
PERCENTAGE OF OUTPUTS WITH MAJOR ERROR TYPE (AVERAGE ACROSS LLMS)

Method % Incorrect Final Rec % Incorrect Trace Logic % Hallucinated Content % Rec Inconsistent with Trace

Zero-Shot Prompting (ZSP) 24.9 N/A 18.7 N/A
Binary Decision Tree (BDT) 10.5 14.8 8.1 4.9
Chain-of-Thought Few-Shot (CoT-FSP) 14.1 N/A1 12.5 N/A1

Program-Aided Graph (PAGC) 12.8 16.5 7.9 5.5
Procedural Guideline Execution Training (PGET) 5.3 9.1 3.1 2.8
1CoT-FSP generates free-form text reasoning, not a structured trace comparable to BDT/PAGC/PGET.

Table II demonstrates that PGET consistently received
higher ratings from clinical experts for both guideline com-
pliance and overall clinical accuracy and safety compared to
other methods. Experts found the recommendations generated
by PGET-trained models to be more reliable and trustworthy.

F. Further Analysis of PGET Performance

Beyond the overall CPG adherence and human evaluation
ratings, we conducted deeper analyses to understand the
specific strengths of PGET and how its performance profile
differs from comparison methods. These analyses focused
on examining adherence across different types of guideline
logic, analyzing the distribution of error types, and specifically
evaluating the interpretability provided by the generated traces.

1) Adherence Across Guideline Decision Types: Clinical
Practice Guidelines often involve different kinds of decision
logic, ranging from simple inclusion/exclusion criteria to com-
plex branching pathways based on multiple patient factors. To
evaluate PGET’s robustness in handling these variations, we
categorized decisions within the synthetic dataset’s CPG into
two types: ”Simple Decisions” (e.g., single condition checks)
and ”Complex/Branching Decisions” (e.g., multi-step logic,
nested conditions, alternative pathways). We then computed
the CPG adherence score specifically for decision points
falling into these categories. Table III shows the average ad-
herence score for Simple and Complex decisions, aggregated
across all LLMs for the top-performing methods and the
baseline.

As shown in Table III, all methods performed better on Sim-
ple Decisions than on Complex/Branching Decisions, which is
expected due to the inherent difficulty of navigating intricate
logic. However, PGET maintained a significant lead in both
categories. Notably, the relative improvement of PGET over
BDT was more pronounced for Complex/Branching Decisions
(approximately 4.4 percentage points difference in this ag-
gregated view) compared to Simple Decisions (approximately
2.4 percentage points difference). This suggests that PGET’s
training on full procedural traces is particularly effective at

internalizing and correctly executing the more complex, condi-
tional pathways within a guideline, which are often the source
of errors for methods relying solely on external traversal or
less structured prompting.

2) Error Analysis: We conducted a detailed error analysis
by qualitatively examining the outputs generated by each
method and categorizing the types of adherence failures ob-
served in the recommendations and, where applicable, the gen-
erated traces. We identified several common error categories:
1) Incorrect Final Recommendation (the ultimate advice was
wrong according to the CPG), 2) Incorrect Step/Logic in Trace
(the generated trace contained a step that contradicted the
CPG logic or patient data, regardless of the final recommen-
dation), 3) Hallucinated Content (generating steps, rules, or
information not present in the CPG or patient data), and 4)
Recommendation Inconsistent with Trace (the generated final
recommendation did not logically follow from the steps in the
trace). Table IV shows the percentage of outputs that contained
at least one major error of each type, aggregated across all
LLMs. Note that an output might contain multiple error types.
ZSP is only applicable to the first and third categories as it
does not generate a structured trace.

Table IV reveals distinct error profiles. ZSP had a high
rate of directly incorrect recommendations and hallucinated
content, lacking any structural guidance. Methods providing
structure (BDT, PAGC, CoT-FSP) reduced these types of
errors but still exhibited notable issues with incorrect logic
application or generating irrelevant content. PGET showed the
lowest percentage of outputs containing errors across almost
all categories. Specifically, the rate of Hallucinated Content
(irrelevant or fabricated steps/rules) was significantly lower
for PGET, indicating that training on valid execution traces
grounded the model’s generative process more strongly in the
actual guideline content and logic. While PGET could still
make errors in interpreting patient data or CPG rules, leading
to an incorrect trace step, the overall error rate was reduced,
and the rate of generating entirely unsupported content was
minimal. The low rate of ”Recommendation Inconsistent with
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TABLE V
HUMAN EVALUATION: AVERAGE INTERPRETABILITY RATING (1-5 SCALE)

Method GPT-4 GPT-3.5 Turbo LLaMA PaLM 2

Zero-Shot Prompting (ZSP) 2.5 2.4 2.1 2.3
Program-Aided Graph (PAGC) 3.8 3.5 3.3 3.6
Chain-of-Thought Few-Shot (CoT-FSP) 3.5 3.3 3.0 3.4
Binary Decision Tree (BDT) 4.1 3.9 3.7 4.0
Procedural Guideline Execution Training (PGET) 4.7 4.5 4.3 4.6

Trace” errors for PGET also suggests that when PGET does
generate a trace, the final recommendation is highly likely
to follow logically from that trace, reflecting the learned
procedural consistency.

3) Analysis of Interpretability: Interpretability is a critical
factor for the adoption of AI in clinical settings, enabling
clinicians to understand and trust the system’s recommen-
dations. While automatic metrics measure correctness, hu-
man evaluation provides insight into perceived clarity and
trustworthiness. As part of the human evaluation, experts
rated the interpretability of the model’s output, particularly
focusing on how easy it was to follow the steps leading to the
recommendation for methods that provided such steps. Table
V shows the average interpretability rating (on a scale of 1 to
5, where 5 is highly interpretable) based on the human review.

The human evaluation of interpretability clearly favors
methods that provide explicit intermediate steps, with PGET
receiving the highest average ratings. Reviewers specifically
commented that the natural language, step-by-step execution
trace generated by PGET was intuitive and easy to follow,
allowing them to quickly trace the logic from the patient data
through the CPG rules to the final recommendation. While
BDT also provided structure, the trace generated by PGET
was perceived as more fluid and directly explanatory. This
high level of interpretability is a significant advantage of
PGET, fostering clinician trust and facilitating the verification
of AI-generated advice, which is paramount for safe clinical
deployment. This analysis underscores that training the model
to externalize its procedural reasoning in a clear format is
crucial for developing trustworthy CDS systems.

V. CONCLUSION

This study addressed key challenges in deploying Large
Language Models for Clinical Decision Support, specifically
focusing on the critical need for reliable adherence to Clinical
Practice Guidelines and enhancing model interpretability. We
identified that existing approaches, while beneficial, often
function by guiding the model externally or through inference-
time prompts, without fundamentally training the LLM to
internalize the procedural execution of guideline logic.

To overcome this limitation, we introduced and evaluated
Procedural Guideline Execution Training (PGET), a novel
fine-tuning methodology. PGET trains LLMs to generate ex-
plicit, step-by-step execution traces that lay out the application
of CPG rules to a given patient’s clinical state. This approach

aims to embed the guideline’s conditional logic and decision
flow directly into the model’s learned parameters.

Our comprehensive experimental evaluation, conducted us-
ing multiple LLM backbones and a synthetic dataset rep-
resenting COVID-19 outpatient scenarios, demonstrated the
significant advantages of the PGET method. Compared to a
Zero-Shot Prompting baseline and state-of-the-art CPG inte-
gration techniques such as Binary Decision Tree Integration,
Chain-of-Thought Few-Shot Prompting, and Program-Aided
Graph Construction, PGET consistently achieved superior per-
formance. Quantitative automatic evaluation showed markedly
higher CPG adherence scores. Crucially, qualitative human
evaluation by clinical experts validated these findings, rat-
ing PGET’s outputs as more clinically accurate, safer, and
significantly more compliant with guidelines. Furthermore,
the human evaluation highlighted the particular benefit of
the generated execution trace, which greatly enhanced the
interpretability of the model’s recommendations, a factor
paramount for clinician trust and adoption.

The success of PGET suggests that explicitly training gen-
erative models on the procedural steps of decision-making
processes, as defined by authoritative guidelines, is a powerful
strategy for improving reliability and transparency in AI-
assisted CDS. By enabling LLMs to articulate their reasoning
grounded in established protocols, we move closer to deploy-
ing trustworthy AI systems in clinical practice.

Future work should explore the application of PGET to
real-world clinical data and different medical domains beyond
COVID-19. Investigating methods for the automated genera-
tion of high-quality, large-scale execution trace datasets from
CPGs is also a critical next step. Furthermore, integrating
PGET-trained models with electronic health record (EHR)
systems and evaluating their performance in prospective clin-
ical workflows represent important avenues for translational
research. Ultimately, this work contributes a novel training
paradigm that promises to enhance the capabilities and trust-
worthiness of LLM-based tools in supporting clinical decision-
making.
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