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Abstract

Large Language Models (LLMs) can translate natural-language instructions into code, but
when the input is unstructured clinical protocol text, the generated code may omit doses,
monitoring intervals, or safety thresholds that the text states. Such omissions matter because
they can propagate into software that supports clinical monitoring. We propose SPE-ECG
(Structured Prompt Engineering for Enhanced Code Generation), a transparent, rule-based
pipeline that converts unstructured domain text into a JSON prompt using text cleaning,
part-of-speech tagging, bigram matching, and hand-built domain dictionaries, without
fine-tuning any model. In a case study of 43 rheumatoid arthritis DMARD monitoring
protocols, we compared raw and structured prompts on three LLMs (GPT-3.5, LLaMA 2,
and Gemma), scoring the generated Python code using version 3.15.1 with BLEU against the
raw-prompt code of the other two models. Mean BLEU rose for all three models (relative
gains of 55.1%, 32.5%, and 19.9%); the paired differences were significant for GPT-3.5 and
LLaMA 2 but not, after correction for multiple comparisons, for Gemma. These results
suggest that lightweight input structuring can change how closely different models’ outputs
agree, and that it could serve as a low-cost, auditable preparation step for protocol-to-code
tools built on free or open models. BLEU does not measure correctness, no ablation or
state-of-the-art baseline was run, and clinical validation is required before any use.

Keywords: large language models; structured prompt engineering; ontology-guided
prompting; code generation; knowledge representation; intelligent systems
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1. Introduction

Large Language Models (LLMs) have demonstrated remarkable capabilities in trans-
lating natural-language instructions into executable code, enabling new forms of intelligent
automation in software engineering, healthcare informatics, financial systems, and legal
technology [1-3]. By leveraging transformer-based architectures trained on large-scale
corpora, these models can synthesize syntactically valid code from free-form textual descrip-
tions. Despite these advances, reliable code generation in knowledge-intensive domains
remains a challenging problem [4-6].

In real-world applications, input prompts are rarely clean or fully specified. Domain-
specific text often contains ambiguous phrasing, implicit procedural dependencies, spe-
cialized terminology, and incomplete parameter definitions. When such unstructured
inputs are directly supplied to LLMs, models may produce code that is syntactically correct
but incomplete with respect to the domain requirements stated in the text. This limita-
tion is particularly critical in high-stakes domains—such as healthcare, finance, and legal
informatics—where correctness, reproducibility, and procedural compliance are essential.

1.1. Terminology and Scope

Throughout this paper, semantic alignment refers to alignment with the functional
requirements stated in the source text: whether the generated code represents the domain
entities (e.g., drug names), parameter values (e.g., doses and intervals), temporal rules
(e.g., monitoring frequencies), and conditional or safety constraints (e.g., escalation criteria)
that the text specifies. It does not refer to the naming of variables, methods, or classes,
and it is not a claim about general software quality. The artefacts studied are short, self-
contained Python scripts that implement a single dosing or monitoring protocol The libraries
used by the generated code were not recorded. No application architecture, frameworks,
persistence layers, or user interfaces are generated, and software-engineering properties
such as maintainability, complexity, test coverage, and performance are outside the scope of
this study.

Existing approaches attempt to mitigate this issue through data preprocessing, con-
textual embeddings, instruction tuning, or domain-specific fine-tuning [7-9]. While these
techniques improve linguistic representation, they do not explicitly encode structured do-
main knowledge at the prompt level. Structured prompt engineering has emerged as a
promising alternative, organizing inputs into more interpretable formats such as JSON
or XML [10]. However, current approaches typically focus on syntactic restructuring
rather than systematic semantic alignment through ontology-guided knowledge represen-
tation. As a result, the integration of formal domain semantics into prompt engineering
remains underexplored.

1.2. Problem and Gap

The specific problem addressed here is the omission and distortion of protocol details when
an LLM turns semi-structured clinical protocol text into code. Protocol text packs doses,
monitoring intervals, laboratory thresholds, and escalation actions into long table cells,
and nothing in a raw prompt tells the model which parts are the entities, the thresholds,
or the actions; in our outputs, multi-stage instructions were often simplified. Existing
remedies either change the model (fine-tuning or domain pretraining, which needs data
and computing resources) or change the output format (structured or reasoning-style
prompting, which does not tell the model what the domain-specific elements of the input
are). The gap we address is the lack of a transparent, low-cost, model-agnostic methods to
make the domain-specific elements of the input explicit before generation, together with the
lack of evidence on whether doing so changes the code that different LLMs produce. We
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address it with SPE-ECG and evaluate it in one case study, without claiming to outperform
fine-tuned or code-specialized models.

This work addresses the following research question:

Can ontology-guided structured prompt engineering change the lexical agreement (BLEU)
of LLM-generated code with the code that other LLMSs generate from raw-text prompts, relative to
raw-text prompts and without model fine-tuning?

The primary metric (BLEU) measures n-gram overlap with the raw-prompt code of
other models; no independent reference implementation was used, and BLEU measures
neither functional correctness nor clinical safety. The study therefore addresses lexical agree-
ment between models only, and the implications for reliability are discussed as limitations
(Section 5).

To answer this question, we propose SPE-ECG (Structured Prompt Engineering for
Enhanced Code Generation), a model-agnostic framework that transforms unstructured
domain text into a standardized JSON schema using rule-based linguistic processing, cu-
rated domain dictionaries, and a lightweight domain ontology. The framework extracts task
definitions, entities, parameters, and procedural constraints and encodes them explicitly in
a machine-interpretable structure, with the aim of reducing ambiguity at the prompt level.

The framework is evaluated on three general-purpose LLMs—GPT-3.5, LLaMA 2, and
Gemma—under both unstructured and structured prompting conditions. Mean BLEU was
higher under structured prompting for all three models, with relative gains of 55.1% (GPT-3.5),
32.5% (LLaMA 2), and 19.9% (Gemma). A healthcare case study involving Rheumatoid
Arthritis (RA) treatment protocols [11,12] serves as a knowledge-intensive testbed. The gains
were statistically significant for GPT-3.5 and LLaMA 2 but not for Gemma after correction for
multiple comparisons. The study evaluates a single domain: the framework is designed so
that its dictionaries and ontology can be replaced to target other domains, but this has not
been tested here.

The contributions of this work are summarized as follows:

e Weintroduce SPE-ECG, a structured prompt engineering framework that uses curated
dictionaries and a lightweight domain ontology to improve the alignment of LLM-
generated code with domain requirements.

o We design a transparent, rule-based JSON structuring pipeline that combines linguistic
preprocessing with dictionary- and ontology-based field assignment, and we specify
its rules and construction procedure in detail.

o We provide an empirical comparison of raw and structured prompts across three LLMs
on an RA/DMARD case study, reporting BLEU-based lexical agreement between mod-
els with paired statistics, and we state explicitly what BLEU does and does not establish.

e We discuss input-level knowledge structuring as a lightweight alternative to fine-
tuning, together with the validity threats (single domain, lexical-overlap metric, choice
of references, confounded comparison) that must be addressed before stronger claims
can be made.

Section 2 reviews related work. Section 3 introduces the SPE-ECG framework and
methodology. Section 4 presents experimental results. Section 5 discusses implications, and
Section 6 concludes the study.

2. Literature Review

Research on automated code generation has evolved substantially with the advance-
ment of Artificial Intelligence (AI), Natural Language Processing (NLP), and transformer-
based architectures. Early systems relied on symbolic and rule-based approaches that
translated structured inputs into executable programs through predefined grammars and
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logic templates [13]. These systems provided interpretability and deterministic outputs;
however, they required manually engineered rules and lacked robustness when processing
unstructured or ambiguous natural language [14]. Consequently, rule-based paradigms
struggled to scale to complex, domain-rich environments.

The introduction of the transformer architecture [15] marked a paradigm shift in
automated code generation. Models such as GPT, Codex, and LLaMA demonstrated the
ability to synthesize syntactically correct code from free-form textual prompts by leveraging
large-scale pretraining on diverse corpora [2,16,17]. These models capture long-range
dependencies and contextual relationships, enabling zero-shot and few-shot code synthesis.
Despite their strong generative capacity, empirical evaluations have shown that transformer-
based models can be sensitive to prompt phrasing, underspecified parameters, and implicit
procedural dependencies [6]. In knowledge-intensive domains, this sensitivity may result
in incomplete logic, omitted constraints, or semantically misaligned outputs.

To mitigate these limitations, researchers have explored instruction tuning and
embedding-based adaptation. Architectures such as T5 recast diverse language tasks
in a unified text-to-text format [9], and multitask prompted training has been shown to
improve zero-shot task generalization [7]. Domain-specific variants—including BioBERT
and ClinicalBERT—enhanced terminology recognition in biomedical and clinical contexts
through continued pretraining on specialized corpora [8,18]. While these approaches im-
prove domain comprehension, they require significant computational resources and dataset
availability. Moreover, they modify internal model representations rather than explicitly
structuring the input knowledge supplied to the model.

Parallel to model-centric optimization strategies, structured prompt engineering has
emerged as an input-centric alternative. Recent studies have examined how constraining
prompts and outputs through formatted templates or structured schemas can influence
reasoning performance and output reliability [10]. Format restrictions, including JSON-
or XML-based formats, have been studied as a way to improve task alignment in natural
language generation tasks. However, most structured prompting approaches focus pri-
marily on syntactic organization rather than semantic grounding. Specifically, they rarely
incorporate formal ontological representations to ensure consistent encoding of domain
entities, parameters, and procedural constraints.

A related line of work structures the reasoning that precedes code generation. Structured
chain-of-thought prompting asks the model to produce intermediate reasoning organized
by program structures (sequence, branch, and loop) before writing code [19]; planning-
based prompting for code generation follows a similar idea [2]. SPE-ECG differs in that it
structures the input using domain dictionaries rather than eliciting structured reasoning
from the model; the two ideas are complementary and are not compared experimentally in
this paper. Knowledge-graph- and ontology-augmented prompting likewise injects external
domain knowledge into LLM inputs [20]; such approaches typically rely on large knowledge
resources, whereas SPE-ECG uses a small, hand-curated schema.

Ontology-driven knowledge representation has a long-standing tradition in intelligent
systems research. Ontologies enable explicit modeling of domain concepts, relationships,
and constraints, supporting semantic interoperability and reasoning [21,22]. In domains
such as healthcare and finance, ontological modeling has been used to support decision
support systems and compliance automation. Yet, the integration of ontological structures
directly into prompt engineering for LLM-based code generation remains underexplored.

In clinical informatics, computer-interpretable guideline formalisms such as GLIF [23],
PROforma [24], and Arden Syntax [25] represent guideline logic in executable form. These
formalisms require expert authoring of formal models and were not designed as prompt
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formats for LLMs; SPE-ECG instead extracts a flat structured representation from free text
and leaves code generation to an LLM.

Finally, the evaluation of generated code ranges from n-gram similarity metrics such
as BLEU [26] and its code-aware variant CodeBLEU [27], which adds syntax-tree and data-
flow matching, to execution-based metrics such as pass@k [16,28]. BLEU is inexpensive
and reproducible but measures lexical overlap only; this limits the conclusions that can be
drawn from it (Section 5.7).

A comparative summary of representative approaches is provided in Table 1. The analy-
sis indicates that existing paradigms either (i) rely on deterministic but inflexible rule-based
systems, (ii) depend on large-scale pretrained transformers without structured semantic
guidance, or (iii) require computationally intensive domain-specific fine-tuning. Structured
prompting studies demonstrate the influence of format constraints but do not systematically
integrate ontology-guided semantic extraction for executable code generation tasks.

Table 1. Comparative analysis of representative approaches in automated code generation and
structured prompting.

Study Approach Focus Strengths Limitations
Rule- and

Gulwani et al. [13] search-based Program synthesis Deterministic logic Limited scalability
synthesis

Liuetal. [14] Rule-based IE Open text extraction  Transparent rules Poor adaptability

GPT-3.5

Transformer LLM

General code

Strong zero-shot

Sensitive to prompt

(ChatGPT) [29] generation capability ambiguity
Codex [16] Transformer LLM Software engineering High syntactic L1m1ted.doma1n
correctness structuring
Structure-aware Incorporates No external ontology

StructCoder [30]

transformer

Code tasks

structural bias

integration

T5 [9]

Text-to-text
pretrained model

Multi-task learning

Unified task format

Requires fine-tuning

BioBERT [8] Domain-adaptive Biomedical NLP Termmplogy Not optlmlzgd for
model specialization code generation

ClinicalBERT [18] Domain-adaptive Clinical NLP Domamjaware Computational cost
model embeddings

OpenMedLM [31] Prompt optimization ~Medical QA Enhanced prompt lelted. executable

design evaluation

Tam et al. [10] Format—.constramed NLP reasoning Reduced ambiguity No ontglogy—basgd
prompting semantic structuring
Structured Structured reasonin Model-generated

Lietal. [19] chain-of-thought Code generation . . M8 structure; no domain

. without fine-tuning

prompting ontology

GLIF, PROforma, Guideline Clinical euidelines Formal, executable zﬁﬂgfi;e)fi&g: LLM

Arden [23-25] formalisms & representation &

prompt formats

SPE-ECG
(Proposed)

Dictionary- and
ontology-guided
structured
prompting

Code generation
from domain text
(one domain
evaluated)

Explicit field-level
encoding; no
fine-tuning

Rule/dictionary-
based; flat schema;
single-domain
evaluation
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Research Gap

The reviewed literature reveals a methodological gap. Existing model-centric ap-
proaches focus on improving internal representations through scaling or fine-tuning,
whereas structured prompting studies emphasize format constraints without formal seman-
tic grounding. Among the works we surveyed, we did not identify one that systematically
combines ontology-based knowledge extraction with structured prompt generation for
executable code synthesis in knowledge-intensive domains; this is a statement about the
surveyed literature and not an exhaustive claim.

This gap motivates the proposed SPE-ECG framework, which operates at the input rep-
resentation level by transforming unstructured domain text into a dictionary- and ontology-
aligned JSON schema. By combining rule-based linguistic processing with a lightweight
domain model, SPE-ECG aims to improve the alignment of generated code with domain
requirements without requiring modifications to underlying model architectures. Specif-
ically, among the works we surveyed we did not find one that (i) converts unstructured
clinical protocol text into a fixed key—value schema using a small hand-built dictionary and
(ii) compares the code that several LLMs generate from raw and structured versions of
the same text. SPE-ECG targets this gap; it is a modest, auditable step and not a claim of
state-of-the-art performance.

3. Methodology

This section presents the methodological framework underlying the proposed Struc-
tured Prompt Engineering for Enhanced Code Generation (SPE-ECG) approach. The
primary objective of SPE-ECG is to improve the alignment between domain text and gener-
ated code—in terms of the entities, parameters, and constraints that the text specifies—by
transforming unstructured domain text into a structured JSON representation guided by
curated dictionaries and a lightweight domain ontology.

In conventional prompting, domain-specific instructions are provided to Large Lan-
guage Models (LLMs) in free-text form. Such inputs often contain implicit constraints,
ambiguous phrasing, incomplete parameter definitions, and domain-specific terminology
that may not be consistently interpreted by the model. As a result, generated code can
be syntactically valid yet incomplete with respect to the requirements stated in the text.
SPE-ECG addresses this limitation by introducing an intermediate structuring layer that
explicitly encodes domain knowledge prior to model inference.

The proposed framework converts unstructured textual input into a standardized
JSON schema through dictionary- and ontology-based extraction and rule-based linguistic
processing. This structured representation explicitly separates task definitions, domain
entities, parameters, and procedural constraints. The framework is designed to be model-
agnostic, and its dictionaries and ontology can in principle be replaced to target other
domains; in this study, however, it is instantiated and evaluated only on the RA/DMARD
case study.

Figure 1 illustrates the overall SPE-ECG pipeline. The methodology comprises four in-
terconnected stages: (i) prompt engineering and model selection, (ii) ontology develop-
ment and semantic extraction, (iii) structured prompt generation and code synthesis, and
(iv) comparative evaluation. Each stage is described in detail in the following subsections.

3.1. Part 1: Prompt Engineering and Model Selection

The first stage of the SPE-ECG framework establishes the experimental foundation by
defining the domain corpus, prompt construction strategy, and evaluation conditions across
multiple Large Language Models (LLMs). The objective is to compare raw and structured
prompting under otherwise identical conditions across model architectures.
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Figure 1. Proposed methodology pipeline for the SPE-ECG framework. The four stages integrate
ontology development, structured prompt design, and comparative evaluation of LLMs.

3.1.1. Dataset Definition and Data Collection

Let the domain-specific corpus be defined as:
Q: {TlfTZI“'/TN} (1)

where each document T, represents an unstructured textual description of a domain protocol.
In this study, N = 43 protocols (“documents”) extracted from a single web page and corre-
sponding to Rheumatoid Arthritis (RA) treatment guidance involving Disease-Modifying
Antirheumatic Drugs (DMARDs).

The corpus was collected from a single publicly accessible web page, the bpac"” article
on DMARD monitoring (https://bpac.org.nz/BPJ/2008/October/dmards.aspx (accessed
on 1 May 2024)), from which 43 DMARD monitoring protocols were extracted by web
crawling; each protocol is one source text T;. The page is a 2008 New Zealand clinical
guidance article, so the corpus has a single source. The page was accessed in 2024 and
is publicly available; no separate permission for reuse was obtained. The protocols are
used in clinical practice by the doctors who suggested them as study material (early 2024);
no clinician reviewed the dictionaries, the prompts, or the generated code. Each protocol
contains pharmacological directives, dosage schedules, monitoring requirements, and
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conditional treatment procedures. Figure 2 illustrates the overall data acquisition and
preprocessing workflow.

-*» ” e L
& *
L4 -
> . >
—-—-——--——-—---——----------: by ~ e
| Web Scraping | %, o  Store Data |

- .
L IR B

Figure 2. Data acquisition and preprocessing workflow for the SPE-ECG framework. Domain-specific
documents are collected, cleaned, and prepared for ontology-guided semantic extraction.

Each protocol T; yields a set of prompts:

P; = {pa,pias -/ Pikc} (2)

where each prompt encodes a specific task such as monitoring drug dosage, scheduling
tests, or applying conditional logic. In this study, each protocol yields a single prompt
(k = 1), so the number of evaluation prompts is M = N = 43, and the same 43 prompts are
used for every model and condition. Each protocol is one row of the table on the page, and
the prompt for that row was built by the authors by concatenating the sentences of the row.
All 43 rows were used. Each raw prompt consists of the instruction “write the protocol in
python language”, the drug name taken from the table, and the text of the row, in which
the content of each cell is preceded by the header of that cell. The text is used as extracted,
without rewording.

Table 2 summarizes the compiled corpus and the dictionary categories used for struc-
tured extraction. The entity, monitoring, frequency, and condition-specific entries are the
dictionary terms compiled by the authors from the corpus (Section 3.4.2); they are not an
external resource. The number of DMARD mentions (43) equals the number of protocols
because each protocol mentions its drug once.

Table 2. Statistical summary of the RA case study corpus and dictionary categories used for ontology-
guided extraction. Counts are total occurrences in the text, not numbers of distinct dictionary entries.

Feature Description Count
DMARD Entities DMARD mentions in the protocols 43
Monitoring Keywords Clinical safety and validation terms 84
Frequency Keywords Scheduling and temporal indicators 139
Condition-Specific Terms  Disease progression and assessment indicators 31
Total Protocols Number of protocols (documents) in corpus 43

The dictionary categories in Table 2 form the basis for ontology instantiation and
rule-based extraction described in subsequent sections.

3.1.2. Prompting Conditions

To evaluate the impact of structured representation, two prompting conditions
are defined:

praw — {pguw, psaw’ ., p]r\zw (3)
@struct — {CD(P?W),q)(p;ﬂw),---,CD(P;\?IW)} (4)

where:
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Praw denotes the original unstructured prompts;
@ (-) represents the SPE-ECG transformation function;
pstruct denotes ontology-guided structured prompts;

M is the total number of evaluation prompts.

The raw prompt p;*“ consists of the instruction “write the protocol in python language”,
the drug name taken from the table, and the text of the table row, in which the content
of each cell is preceded by the cell’s header. The structured prompt ®(p;*“) is the JSON
object obtained from the same text (Section Worked Example) and is submitted without
any added instruction. The two conditions therefore differ in more than structure: the raw
prompt carries an explicit instruction and the table headers, whereas the structured prompt
carries the task only through the content of its task and language fields. In addition,
because @ retains only content that matches the dictionaries, the structured prompt is
not informationally equivalent to the raw prompt (unmatched content is dropped; see
Section 3.4.3). Observed differences therefore reflect the combined effect of reformatting,
dictionary-based selection of content, and the different wording, not representation format
alone. The fraction of prompt tokens retained by ® (coverage) was not measured in this
study and is noted as a limitation.

3.1.3. Model Selection and Experimental Setup

Three LLMs are selected for their accessibility: one model available through a free web
interface and two open-weight models of different sizes that were run locally [17,29,32]:

M = {Mcpr3 5, Miraniaz Mcemma) (5)
For each model M; € M, code outputs are generated under both prompting conditions:
C]T:'HZU - M](pmw> (6)

C]sjtruct — Mj(q)(pmw)) (7)

The experimental objective is to evaluate whether structured prompting im-
proves performance:
E[Score(Cst"#ct)] > E[Score(C™¥)] (8)

where Score(-) denotes the evaluation metric (BLEU in this study), and E[-] represents
expectation over all prompts.

All three are general-purpose, instruction-tuned models; none is a code-specialized
variant (such as Code Llama or CodeGemma). The selection is a convenience sample
motivated by accessibility (a free web interface and models that can be run locally with
Ollama), and it does not include current frontier or code-specific models (Section 5.7). The
comparison is formalised as a paired hypothesis over the M prompts, tested as described in
Section 3.3.1; the formal protocol, including exact model identifiers and inference settings,
is given in Section 3.3.2.

3.2. Data Preprocessing

Following data acquisition, a preprocessing stage is applied to standardize and refine
the corpus prior to semantic extraction. The purpose of this stage is to remove irrelevant
artifacts while preserving domain-critical terminology and procedural logic. Let the raw
corpus be denoted as:

;D/THZU - {T{Ilw, T;aw’ e, T;?ZU} (9)

The preprocessing function ¥ (-) transforms the raw corpus into a cleaned version:

achlean — \P(Q)ruw) (10)
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This transformation ensures that downstream ontology-guided structuring operates
on semantically coherent and noise-free text.

3.2.1. Noise Removal

Raw documents extracted from online repositories frequently contain non-semantic
artifacts such as HTML tags, encoding symbols, duplicated headers, and extraneous meta-
data. These elements introduce variability that may negatively affect tokenization and
semantic extraction.

The scraped text was cleaned with the BeautifulSoup library, which was used

to remove:
e HTML and markup tags,
e Stray characters and encoding symbols left over from scraping,
e Redundant whitespace and formatting artifacts,
e Irrelevant metadata fields.

Numbers and units in doses (for example “7.5 mg” or “10 mg/week”) were kept
exactly as they appear on the page. Noise removal acts only on markup and stray characters
and does not filter vocabulary, so domain terminology is preserved. A term that is absent
from the dictionaries will not be extracted later (Section 5.7), and some non-breaking-space
characters remain in the extracted text (they are visible in the example structured prompt
of Figure 1), which is a limitation of the cleaning step.

3.2.2. Tokenization and Linguistic Normalization

After cleaning, each document T¢%" € D<@ js decomposed into a sequence of tokens:
Télean = (w,, w,, ..., w,,} (11)

Tokenization is implemented using the Punkt tokenizer from the NLTK library.
Sentence-level and word-level segmentation enables subsequent identification of domain
entities, constraints, and scheduling expressions.

Where necessary, additional normalization steps are applied, including:

e Lowercasing (when not semantically sensitive),
e Stop-word filtering (excluding domain-relevant functional words),
e Preservation of numerical dosage and frequency indicators.

Unlike aggressive text simplification techniques, preprocessing is deliberately conser-
vative to avoid removing semantically meaningful procedural expressions.

3.2.3. Structured Storage and Corpus Representation

The processed corpus is stored in tabular format, where each row corresponds to one
protocol, i.e., one row of the table on the source page. Formally, the prompt-ready corpus is
represented as:

R =Ary, 19, e, g} (12)

where each record r; stores the document identifier, the cleaned text of one instruction
segment, and, after the structuring stage, the fields populated by @ for that segment (drug,
diagnosis, checkup values, and monitoring protocol). These components are not derived
from isolated tokens: they are obtained by matching the bigrams of the segment against the
dictionaries (Section 3.4.3), so a field is populated only when a dictionary entry matches.
This intermediate representation serves as the input to the ontology-guided transformation
stage described in the next subsection. The corpus is stored in Excel files.
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3.3. Code Evaluation Using BLEU Metric

To assess the impact of ontology-guided structured prompting, generated code outputs
are scored with the Bilingual Evaluation Understudy (BLEU) metric [26]. BLEU measures
the lexical similarity between a candidate and reference scripts based on n-gram overlap;
it does not execute the code. Because no independent reference implementation exists for
the protocols, the code generated by each model is scored against the raw-prompt code
generated by the other two models.

Let C; denote the code generated by model M, for prompt py, and let R ; = G
j" # j} denote the set of two reference codes, namely, the raw-prompt code generated by the
other two models for the same prompt. The BLEU score for each instance is computed with
both references as:

N
BLEU(C;;, R;x) = BP x exp(Z w, log pn> (13)
n=1
where:
e BPis the brevity penalty;
e p, represents modified n-gram precision;
e N is the maximum n-gram order (set to 4);
e w, are uniform weights such that )" w, = 1.

BLEU is bounded in [0, 1] and all values in this paper are reported on that scale. BLEU
was computed with the NLTK library using its default settings (no smoothing function was
specified), with two references per candidate; all per-prompt scores lie in [0, 1].

For each model M;, the overall performance under a given prompting condition is
defined as the mean BLEU score across all evaluation prompts:

—_— 1Y
BLEU,; = 5 k; BLEU(C; ., R ) (14)

Relative improvement between structured and unstructured prompting is computed as:

m;truct

—BLEU;
- x 100% (15)
BLEU,

w

This formulation expresses the change in the mean score independent of model archi-
tecture. Because it is a ratio of means, it is sensitive to the size of the baseline mean and is
reported together with the paired per-prompt analysis below.

3.3.1. Statistical Analysis

Every prompt py is scored under both conditions, so the conditions form paired samples.
For each model, we report the number of evaluation prompts M; the mean, standard devia-

tion, median, and interquartile range of per-prompt BLEU under each condition, as well as
U]s-fk”‘d —BLEU; " with a 95% percentile-bootstrap con-

fidence interval (10,000 resamples of prompts). The primary test is a two-sided Wilcoxon

the mean paired difference d; , = BLE

signed-rank test on dj,k for each model, with Holm correction across the three models;
the effect size is the rank-biserial correlation. We also report the proportion of prompts
for which structured prompting scored higher than raw prompting. One generation was
produced per prompt, condition, and model, so prompts are the unit of analysis. The
word “significant” is used only for the outcome of these tests. As an exploratory secondary
analysis, the dispersion of per-prompt BLEU is compared descriptively between conditions
(standard deviation and interquartile range); no inferential claim about variance is made.
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3.3.2. Experimental Configuration

The configuration of each model is given in Table 3. The default settings of each model’s
interface or runtime were used and were not modified, so sampling (e.g., temperature) was
not controlled, and one generation was produced per prompt and condition. The same
defaults apply to the raw and structured conditions, and no few-shot examples are provided.

Table 3. Experimental Details of LLMs.

. Max. New Generations
Model Version Access Route Temperature, Top-p Tokens per Prompt
GPT-3.5 (free ChatGPT, ChatGPT web "
GPT-3.5 June—July 2024) interface Default (not modified) Default 1
%;%?A 2 LLaMA 2, 13B parameters Ollama (local) Default (not modified) Default 1
Gemma (7B) Gemma, 7B parameters Ollama (local) Default (not modified) Default 1

Prompt delivery. Each raw prompt was submitted as written (Section 3.1.2); each
structured prompt was submitted as the JSON object alone, with no added instruction. All
43 prompts were submitted in a single chat per model (a single ChatGPT conversation, and
a single Ollama session for each of LLaMA 2 and Gemma), so earlier prompts and answers
remained in the model’s context and may have influenced later outputs.

Reference code. No independent reference implementation was used. For each prompt, the
code generated by a model was scored against the raw-prompt code of the other two models
(two references per candidate; for example, GPT-3.5 code against the LLaMA 2 and Gemma
raw-prompt code). The same raw-prompt references are used for the raw and the structured
conditions. BLEU therefore measures lexical agreement with other models’ raw-prompt output
and not correctness: a structured-prompt output scores highly when it resembles what the
other models write from raw prompts, which is not by itself evidence of correct code. This is
discussed in Section 5.7.

3.3.3. Scope of the Comparison

Only two conditions are compared: raw prompts and the complete SPE-ECG pipeline.
Because the full pipeline changes several components at once (preprocessing, n-gram
extraction, dictionaries, ontology-based assignment, and JSON structuring), the comparison
cannot attribute any difference to ontology guidance specifically. Ablation and baseline
conditions (plain JSON restructuring without dictionaries, extraction without ontology
guidance, an explicit natural-language prompt, LLM-based extraction into the same schema,
and few-shot prompting) were not evaluated and are listed as future work (Section 7).
The hypothesis concerns the input representation: whether the same model, given the same
protocol content, produces code that agrees more closely with other models” output when
the content is supplied as structured JSON. The appropriate control for this hypothesis is
the same model with the raw prompt, which is the comparison made here. Comparing
SPE-ECG with state-of-the-art alternatives answers a different question, namely, whether it
is better than other ways of improving code generation, for example, few-shot prompting,
structured chain-of-thought prompting [19], LLM-based extraction into the same schema,
fine-tuning, or newer and code-specialised models. Such baselines were not evaluated in
this study, and we do not claim that SPE-ECG outperforms them.
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3.3.4. Evaluation Considerations

While BLEU provides a standardized and reproducible measure of lexical similarity, it
does not evaluate functional correctness or execution validity. BLEU scores are therefore
indicators of surface-level agreement with the other models’ raw-prompt code and not of
semantic equivalence, reliability, or clinical safety. No execution-based or expert evaluation
was performed, and BLEU (computed with NLTK) is the only metric used. CodeBLEU [27],
execution- or unit-test-based correctness (pass@k [16]), and expert rating of whether each
clinical constraint is implemented are listed as future work.

3.4. Textual to Structured Prompt Conversion

The central component of the SPE-ECG framework is the transformation of unstruc-
tured textual prompts into a semantically organized JSON representation. This process
introduces an intermediate structured layer between natural-language input and model
inference, thereby reducing ambiguity and improving semantic consistency.

Formally, let a preprocessed prompt be denoted as:

p € P (16)

The structured representation is obtained through the ontology-guided transforma-
tion function:
Sk = @(pr, O) (17)
where:

o ®(.) denotes the rule-based extraction and structuring operator;
e O = (E,R,A) represents the domain ontology;
e 5, is the resulting structured JSON object.

3.4.1. Ontology-Guided Schema Definition

The ontology O encodes domain knowledge as:
O = (E,RA) (18)

where:

e E: domain entities (e.g., drugs, financial instruments);

e R: relationships among entities (documented in the schema but not used by the current
extraction rules; see below);

e A: attributes and procedural parameters.

Based on this ontology, the JSON schema used in this study has six fields:
S, = {task, language, drug, diagnosis, Checkup, monitoring_protocol} (19)

This schema enforces explicit separation of executable components prior to
model invocation.

3.4.2. Ontology and Dictionary Construction

The ontology O used in this study is deliberately lightweight: a small domain-specific
conceptual schema that groups the terms needed for the RA/DMARD case study into
entity classes (E) and attribute or parameter classes (A), from which the dictionaries D,
are generated. It is not expressed in a formal ontology language (such as OWL or RDF)
and is not aligned to an established terminology such as RxNorm, ATC, SNOMED CT, or
UMLS. The relation set R (e.g., drug—test or drug-dose relations) is recorded in the schema
but is not used by the extraction rules in the present implementation: matching depends
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only on E and A through the dictionaries. “Ontology-guided” is therefore used here in a
restricted sense: dictionary-based assignment of text spans to an entity—attribute schema.

Construction procedure. The dictionaries were built in five steps. (1) The cleaned text
of the 43 protocol rows was read in full. (2) Candidate terms were listed field by field
in a spreadsheet, following the inclusion rules in Table 4. (3) Variants of the same term
(spelling, case, and unit notation) were merged into one entry. (4) Each entry was assigned
to one field; a bigram that matches the dictionaries of two fields is not resolved by a priority
rule but is discarded at extraction time (Section 3.4.3). (5) The final lists were stored as
the dictionary files released in the repository. The work was done by hand by the authors
and took about one week; no clinician or other independent expert reviewed the lists. The
resulting numbers of entries are given in Table 2.

Table 4. Inclusion rules used to build the dictionary of each schema field, with examples from the
methotrexate protocol.

Field What Goes in the Dictionary Example Matched by

task Instruction verbs that state what the code must do ~ “write” Verbs (POS tag)

language Names of the target programming language “python” Bigram lookup

drug Names of the DMARD:s in the protocol table “methotrexate” Nouns 'ag.amst the
drug dictionary

diagnosis (;or}d1t10n and. schedule expressions that give the “every 2 weeks” Bigram lookup

timing of monitoring
Checkup Laboratory tests and their threshold expressions “WBC < 3.5” Bigram lookup
monitoring_protocol Actions the clinician must take “discuss with specialist” Bigram lookup

Consistency. No reasoner or formal consistency checker was used, and no formal
check of the dictionaries was performed beyond the authors” own reading. A bigram
that matched the dictionaries of more than one field was discarded (Section 3.4.3), which
avoided contradictory assignments at the cost of losing such bigrams.

Sensitivity to ontology quality. Extraction quality is bounded by dictionary coverage
and correctness: a missing term is not extracted, and a mis-categorized term populates the
wrong field. The present study does not quantify this sensitivity.

In the healthcare instantiation, the six schema fields are task, language, drug,
diagnosis, Checkup, and monitoring_protocol (Section Worked Example).

3.4.3. Rule-Based Extraction Mechanism

The transformation function @ operates over cleaned, tokenized, POS-tagged text. Its rules
are dictionary-lookup rules: each dictionary entry maps a surface form to one schema field. The
dictionaries are written by the authors (Section 3.4.2); the rules are neither learned nor generated
automatically. Let - = {task, language, drug, diagnosis, Checkup, monitoring_protocol}, and
let Dy be the dictionary of field f € F, derived from the ontology. Extraction proceeds as
follows. POS tags are assigned to the tokens; nouns are matched against the drug dictionary
D,jq, and verbs fill the task field. In addition, a bag-of-words step is used to form bigrams
(two-word sequences), and each bigram g is matched against the dictionaries; the set of
fields whose dictionary contains g is

F(g) ={f € F:g € Dy}. (20)

If IF(g)| = 1, the bigram is appended to that field; if [F(g)| > 1, the bigram is ambiguous and
is discarded; and if F(g¢) = 0, it remains unmatched. Only bigrams are used (not longer
n-grams), and no priority order between fields is applied. Every field of Sy is a list to which
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all matches are appended, so several values (for example, several laboratory thresholds or
doses) are all kept, and none overwrites another. Tokens that match no dictionary entry
form the residual text p;, which is not included in Sj; the structured prompt is therefore a
lossy view of the raw prompt. Matching is a dictionary lookup per token or bigram, so its
cost grows linearly with prompt length. Algorithm 1 formalizes the procedure.

Algorithm 1 Dictionary- and Ontology-Guided Structured Prompt Generation (SPE-ECG)

Require: Preprocessed prompt p;; dictionaries Dy for f € F derived from O
Ensure: Structured JSON object Sy; residual text o
1: Initialize Si[f] « [ ] for every f € F
2: Tokenize p; and assign POS tags
3: for each noun w in p; do
4 ifw € Dy, then
5. Append w to S;[drug]
6: end if
7: end for
8: for each verb w in p; do
9: Append w to S;[task]
10: end for
11: Form the bigrams B of p;. (bag-of-words step)
12: for each bigram g € B do
13 F(g) <« {f:5€ Dy}
14: if [F(g)| = 1 then
15: Append g to Si[f] for the single f € F(g)
16: else if [F(g)| > 1 then
17: Discard g (ambiguous)
18: end if
19: end for
20: p; < tokens not matched by any rule
21: return S, o

3.4.4. Automation and Design Considerations

The SPE-ECG pipeline combines automated linguistic processing with curated do-
main knowledge. Tokenization, POS tagging, and bigram generation are fully automated.
Domain dictionaries are manually curated to ensure semantic precision but are accessed
programmatically during extraction.

This hybrid design balances transparency and scalability. While dictionary construction
requires initial domain expertise, subsequent structuring operates automatically across the
entire corpus.

3.4.5. Methodological Limitations

Despite its effectiveness, the proposed structuring approach presents several limitations:

o Field Ambiguity: A bigram that belongs to more than one semantic category is dis-
carded, so such content is lost, and no priority order is applied.

e Bigram-only Matching: Expressions longer than two words are not matched as units.

e Context Sensitivity: Static dictionary matching may fail to capture contextual
meaning shifts.

e Schema Flatness: The current JSON schema represents single-level fields and does
not model hierarchical dependencies.

e Domain Transfer Overhead: Applying SPE-ECG to new domains requires dictionary
adaptation and ontology extension.
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e Dictionary Coverage and Quality: Content that matches no dictionary entry is not
passed on to the structured prompt, and the dictionaries here were compiled from the
evaluation corpus itself, which may overstate coverage on unseen documents.

e Information Loss: The structured prompt is a lossy view of the raw prompt; in-
structions outside the schema are dropped (see the worked example in Section
Worked Example).

Future work may incorporate contextual embedding alignment or graph-based schema
representations to address these constraints.

3.5. JSON Structuring Through NLP Process

Figure 3 illustrates the operational realization of the transformation function ®(p;, O)
introduced in the previous subsection. The NLP pipeline serves as the computational
mechanism that maps unstructured textual prompts to structured JSON representations by
systematically identifying semantically relevant components.

’ N / A
" ONTOLOGY ‘\ 'f SPEECG A
H DMARD DEVELOPMENT 1 1
1 [} 1 |
| Protocol | : |
: ! |
1 @ Drugs > : :
‘ o |

b

I [ checup | ! l' !
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1 o Treatment | |
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‘\ ONTOLOGY \\ INSTANTIATION ,,
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Figure 3. Prompt Structuring Using SPE-ECG. Example instantiated with RA treatment guidelines,
but adaptable to other knowledge-intensive domains such as finance, law, and engineering.

The structuring process proceeds through four sequential stages:

1. Tokenization and Segmentation: The prompt is decomposed into lexical units
{wy,w,, ..., w,,}, preserving numerical expressions and domain-specific terminology.
2. Part-of-Speech Tagging: Grammatical roles are assigned to tokens to distinguish

i

action verbs (e.g., “monitor,” “prescribe”) from entities or parameter descriptors.

3. Bigram Generation: Two-word sequences are formed with a bag-of-words step to
capture compound procedural expressions (e.g., “every 2,” “2 weeks”).

4. Ontology-Guided Field Assignment: Nouns are matched against the drug dictio-
nary, verbs fill the task field, and bigrams are matched against the ontology-derived

dictionaries of the remaining fields to populate the structured JSON (Algorithm 1).

Formally, the pipeline implements:
S =@ (P, O) = AN (p)) (21)

where:

e ] (-) denotes tokenization;
e N(-) denotes bigram expansion and linguistic normalization;
e A(-) denotes ontology-based assignment.

This layered decomposition ensures that semantic roles are explicitly separated prior
to model inference. As shown in Figure 3, domain entities, procedural constraints, and
scheduling terms are individually extracted and mapped to predefined schema fields,
reducing implicit inference requirements for the LLM.
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Unlike conventional free-text prompting, where semantic interpretation is delegated
entirely to the model, the proposed structuring process externalizes domain knowledge into
an interpretable intermediate representation. This explicit structuring is intended to improve
reproducibility and to reduce ambiguity propagation into downstream code generation.

Worked Example

Figure 1 shows the structured prompt produced for the methotrexate protocol, repro-
duced below. The values are the text segments assigned to each field. The superscript in the
laboratory units was lost when the page was scraped and appears as 10?/L in the extracted
text; it is shown here as 10°/L.

{

““task'': “"Write the protocol in python'',

““language'': "~ “Python'',

““diagnosis'': ""Baseline Then every 2 weeks until dose of
methotrexate and monitoring has been stable
for 6 weeks Thereafter every 4 weeks'',

““drug'': " "Methotrexate'',

““Checkup'': “"WBC <3.5 x 1079/L Neutrophils <2.0 x 1079/L

Platelets <150 x 1079/L'"',
““monitoring_protocol'': "“Discuss with specialist team immediately''
}

Two observations from this example illustrate the limits of the structuring. First, the
dosing and monitoring schedule appears under the key diagnosis, so the key names do
not always describe their content. Second, the phrase “Complete blood count (CBC)” that
appears in the raw prompt of Figure 1 is not present in the structured prompt, which is an
instance of the information loss noted in Section 3.4.3.

3.6. Code Generation Protocol

Following structured prompt generation, each JSON object S is supplied to the selected
language models to generate code:

Gyt = M; () (22)

where S is the structured prompt, M; € {M¢prss Miravaz MGemma}, and st,tkruct is the gen-
erated code. The raw condition uses C/%“ = M;(py). Inference settings are identical across
conditions (Table 3); no few-shot examples are used. The structured JSON is submitted
without an added instruction, whereas the raw prompt includes one (Section 3.1.2).

Unlike unstructured prompts, which require the model to infer semantic roles from
free text, the structured JSON input separates components into predefined fields (task,
language, drug, diagnosis, Checkup, and monitoring_protocol). The structure is in-
tended to make the required elements explicit to the model; whether it does so in practice
is evaluated empirically in Section 4, and the worked example in Section Worked Example
shows the form of the input.

4. Results

This section reports the comparison of raw and structured prompts across GPT-3.5,
LLaMA 2, and Gemma on the RA case study (M = 43 prompts). BLEU is bounded in [0, 1]
and measures lexical overlap with the raw-prompt code produced by the other two models;
the results should be read as evidence about lexical agreement between models only, and
not about correctness.
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4.1. Lexical Alignment: Raw vs. Structured Prompts

Table 5 and Figure 4 report mean BLEU for each model and condition, and Figure 5
shows the per-prompt scores. Mean BLEU was higher under structured prompting for
all three models. The paired differences were statistically significant for GPT-3.5 and
LLaMA 2 (Holm-adjusted p = 0.003 for both; the structured prompt scored higher on
30 of 43 prompts for each model and lower on 13). For Gemma, the mean difference
was +0.126 (95% CI 0.020 to 0.233), and the structured prompt scored higher on 26 of
43 prompts and lower on 17, but the Wilcoxon test did not reach significance after correction
(p = 0.0505), so the Gemma result is a trend. Rank-biserial effect sizes were 0.56 (GPT-3.5),
0.55 (LLaMA 2), and 0.34 (Gemma). The Gemma mean gain is also affected by a few
prompts on which the structured score fell sharply (for example, prompt 2 fell from
0.824 to 0.016).

Table 5. Mean BLEU (0-1 scale; SD in parentheses) under raw and structured prompting over
M = 43 prompts per model. Relative change is computed from the unrounded means. The mean
paired difference (structured minus raw) is given with a 95% percentile-bootstrap confidence interval
(10,000 resamples); p-values are from two-sided Wilcoxon signed-rank tests with Holm correction
across the three models.

Structured, o Mean Difference
Model Raw, Mean (SD) Mean (SD) Rel. Change (%) [95% CI] p (Holm)
GPT-3.5 0.385 (0.276) 0.598 (0.247) +55.1 0.212 [0.099, 0.324] 0.003
LLaMA 2 0.533 (0.268) 0.706 (0.210) +32.5 0.173 [0.075, 0.270] 0.003
Gemma 0.632 (0.284) 0.758 (0.201) +19.9 0.126 [0.020, 0.233] 0.0505

The dispersion of per-prompt scores was lower under structured prompting for all
three models (standard deviation 0.276 to 0.247 for GPT-3.5, 0.268 to 0.210 for LLaMA 2,
and 0.284 to 0.201 for Gemma; Table 6). This is a descriptive observation only, and no
inferential claim about variance is made. Raw-prompt BLEU is highest for Gemma and
lowest for GPT-3.5. BLEU depends on output length and style (through the brevity penalty
and n-gram precision), so differences in absolute BLEU between models should not be read
as differences in code quality; output length and brevity penalty were not analyzed, so the
reason for this ordering is not known.

Because the references are the raw-prompt outputs of the other two models, a higher
BLEU under structured prompting means that the structured-prompt code resembles what
the other models write from raw prompts more closely. It does not mean that the code is
more correct. Likewise, the raw condition scores raw outputs against other raw outputs,
whereas the structured condition scores structured outputs against raw outputs, so the
two sets of scores are not strictly like-for-like.

Table 6. Distribution of per-prompt BLEU scores by model and condition: median, interquartile range
(IQR), and range.

Raw Structured
Model Median IOR Range Median IOR Range
GPT-3.5 0.420 0.505 0.045-0.879  0.613 0.379 0.076-0.980
LLaMA 2 0.551 0.357 0.048-0.987  0.748 0.351 0.228-0.999
Gemma 0.737 0.301 0.052-0.987  0.811 0.233 0.016-0.993
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Figure 4. Mean BLEU for raw and structured prompting for each model (M = 43 prompts), with 95%
percentile-bootstrap confidence intervals.
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Figure 5. Per-prompt BLEU (n = 43) for raw and structured prompts for each model. Boxes show
the median and interquartile range, points are individual prompts, and gray lines connect the paired
scores of each prompt. All values lie in [0, 1].

4.2. Qualitative Analysis and Failure Patterns

All generated outputs of the three models were read by the authors (no clinician
reviewed them), and this reading indicated that, under structured prompting, dosage
schedules, monitoring intervals, compound expressions (e.g., “every 2 weeks until stable for
6 weeks”), and multi-word entities (e.g., “liver function test”) were more often reproduced
than under raw prompting, where multi-stage instructions were more often simplified.
These observations are qualitative and were not quantified. Failure patterns persisted under
structured prompting:

e Incomplete logical implementation: Generated code sometimes included the entities
and parameters but omitted conditional branching or escalation logic; for example,
dosage intervals were preserved while safety checks were occasionally excluded. Lexi-
cal alignment therefore does not guarantee procedural completeness.
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e Schema field misinterpretation: Multi-word keys such as monitoring_protocol were
occasionally treated as narrative text, which suggests that shorter, atomic field names
may reduce ambiguity.

e Temporal dependency loss: Sequential or conditional dependencies (e.g., “increase
dose after 3 weeks if no improvement”) are difficult to encode in a flat JSON schema,
and multi-stage dependencies were sometimes simplified.

The frequency of these patterns, including the omission of safety checks, was not
quantified in this study.

5. Discussion
5.1. Interpretation of the Findings

In this case study, mean BLEU was higher under SPE-ECG structured prompting than
under raw prompting for all three models. This indicates higher lexical agreement with
the raw-prompt code of the other two models. It does not show that the generated code is
more correct, more reliable, or clinically safer, because BLEU does not execute code, and no
functional evaluation was performed. The qualitative observation that conditional logic
and safety checks were sometimes omitted even under structured prompting (Section 4)
shows that lexical overlap and procedural completeness can diverge.

The comparison of raw prompts with the complete pipeline changes several compo-
nents at once (preprocessing, dictionary-based selection of content, field labels, and JSON
formatting). The present results therefore cannot be attributed to ontology guidance specif-
ically; an ablation study is needed to address this and is listed as future work. The gain
was statistically significant for GPT-3.5 and LLaMA 2 but not for Gemma after correction
for multiple comparisons, and Gemma had the highest raw-prompt baseline. Input-level
structuring is nonetheless a lightweight option that does not modify model parameters,
and it may complement scaling or fine-tuning.

Two further points limit the interpretation. The references are other models’ raw-
prompt outputs, so BLEU rewards resemblance to what the other models write from raw
prompts and not correctness. The raw and structured prompts also differed in wording: the
raw prompt carried an explicit instruction and the table headers, whereas the structured
prompt did not carry a separate instruction. Model differences should also be interpreted
cautiously. GPT-3.5, LLaMA 2, and Gemma are all general-purpose models. The larger
relative gain for GPT-3.5 coincides with its lower raw-prompt BLEU, and a ratio of means is
sensitive to the size of the baseline. The finding that raw-prompt BLEU is higher for Gemma
than for GPT-3.5 has not been analyzed and may reflect differences in output length and
style rather than code quality (Section 4).

5.2. Positioning Within the Code Generation Landscape

Existing work in code generation primarily follows three directions: (i) large-scale trans-
former architectures (e.g., Codex, AlphaCode), (ii) instruction-tuned models (e.g., FLAN-T5,
T0++), and (iii) domain-specialized pretraining (e.g., BioGPT, MedPalL M, ClinicalBERT).

SPE-ECG is intended to complement these approaches by operating at the input rep-
resentation layer rather than the model layer. Unlike fine-tuning or pretraining strategies,
which require substantial computational resources and domain-specific datasets, SPE-ECG
can be implemented as a preprocessing pipeline, which makes it lightweight; it was tested
with three models, so its model-agnostic character is supported only to that extent. Table 7
summarizes the positioning of SPE-ECG relative to existing approaches.
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Table 7. Comparison of existing approaches with SPE-ECG.

Approach

Strengths Limitations Compared to SPE-ECG

Rule-based Systems

Limited scalability; weak handling of

T t, det inisti tput
ransparent, deterministic outputs unstructured language

Transformer Models

Sensitive to ambiguous prompts; limited

Strong general-purpose generation . . .
58 purpose g domain precision

Instruction-Tuned Models

Improved task-following Still rely on unstructured inputs

Domain-Specific LLMs

High resource cost; limited

Strong terminology understanding code-generation focus

SPE-ECG (Proposed)

Rule/dictionary dependency; flat schema;
single-domain evaluation; functional correctness
not established

Lightweight; no fine-tuning; higher
BLEU in the RA case study

5.3. Applicability Beyond the RA Case Study

SPE-ECG was evaluated only on RA/DMARD monitoring protocols. Applying it to
another domain requires new dictionaries and a new ontology (Section 3.4.2), the effort for
which was not measured in this study. Potential target areas, such as financial compliance
rules, legal obligations and deadlines, or engineering process constraints, are hypothetical
use cases and not results of this study; whether the approach transfers, and at what cost,
is untested.

Recommended workflow for a new domain. We suggest the following procedure, which
follows the one used here but adds a coverage check that was not performed in this study:
(1) choose the schema fields from the decisions the downstream code needs (entities,
quantities, schedules, conditions, actions); (2) write an inclusion rule and examples for
each field, as in Table 4; (3) list candidate terms from a sample of the source texts and merge
variants; (4) check coverage on a small held-out sample of texts, i.e., the fraction of tokens
matched by the dictionaries, and add missing terms; (5) review the lists with a domain
expert; and (6) freeze and publish the dictionaries with the extraction code.

5.4. Clinical Safety Considerations

The generated code implements drug-monitoring logic (e.g., methotrexate dosing and
monitoring rules). The protocols come from a single guidance article published in 2008,
which may not reflect current clinical practice, and the dictionaries and the generated code
were not clinically validated (the protocols themselves are used in clinical practice by the
doctors who suggested them as study material). None of the code produced in this study
should be used for patient care. The qualitative finding that safety checks or escalation logic
were sometimes omitted even under structured prompting is a safety risk in any clinical
deployment; its frequency was not quantified in this study. Any clinical use would require
expert review of the generated code and prospective validation.

5.5. Objectives Achieved and Practical Utility

The study had three objectives. (i) Design a transparent pipeline that turns unstructured
protocol text into a structured prompt: achieved, and the extraction code and dictionaries
are released. (ii) Evaluate whether structured prompts change the code produced by different LLMs:
achieved within the limits stated in Section 5.7; mean BLEU agreement was higher for all
three models and significantly so for GPT-3.5 and LLaMA 2. (iii) Establish that the generated
code is correct and clinically safe: not achieved, because no functional or clinical evaluation
was performed.
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With regard to practical utility, the pipeline needs no fine-tuning, no specialized
hardware, and no paid model; it was run with a free web model and two open models
on a local machine. Because every step is rule-based and every dictionary entry can be
read, the structured prompt can be audited, which is relevant in clinical settings. Possible
uses are as a preparation step in tools that turn clinical monitoring protocols into checklists
or reminder scripts, with human review of the output. The results do not show that the
approach is ready for deployment. That would require clinical validation, execution-based
tests, additional protocols and domains, and comparison with state-of-the-art baselines.

5.6. Domain-Specific Observations

Three observations are specific to monitoring protocols. First, the schema separates
the elements that matter in a monitoring protocol: The drug, the laboratory tests with
their thresholds (Checkup), the schedule, and the action to take (monitoring_protocol).
Second, the relative gain was largest for the model with the lowest raw-prompt score
(GPT-3.5, raw 0.385) and smallest for the model with the highest (Gemma, raw 0.632),
which is consistent with structuring helping most where raw prompts work worst; this
pattern was observed but not tested. Third, the failure patterns are typical of protocols:
Conditional and staged schedules (for example, “every 2 weeks until stable for 6 weeks,
then every 4 weeks”) cannot be represented in a flat schema, and in the example of Section
Worked Example the schedule is stored under the key diagnosis, so the key names do not
describe their content. A domain-informed redesign of the schema, with separate fields for
frequency, duration, threshold, and action, and with support for conditional stages, is the
most direct improvement suggested by these observations.

5.7. Limitations and Threats to Validity

o Lexical-overlap metric. BLEU measures n-gram overlap and not functional correctness;
claims about reliability, procedural completeness, or safety are not supported by BLEU
alone. No execution-based, code-aware, or expert evaluation was performed.

e No independent reference. Each model’s code was scored against the raw-prompt
code of the other two models. BLEU therefore measures agreement between models,
and the reference set is itself raw-prompt output, which is the baseline the method
aims to improve. High agreement with such references is not evidence of correct code,
and the raw and structured scores are not strictly like-for-like.

e Prompt wording differs between conditions. The raw prompt contained the instruc-
tion “write the protocol in python language” and the table headers; the structured
prompt was the JSON alone. Part of any difference may come from this wording and
not from the structure.

e Confounded comparison. The raw-versus-full-pipeline comparison does not iso-
late ontology guidance from formatting, extraction, or content selection; no ablation
was performed.

e Information loss. Content that matches no dictionary entry, and bigrams that match
more than one field, are not passed to the model, so the two prompt sets are not
informationally equivalent, and coverage was not measured.

e Dictionary-based “ontology”. The ontology is a small, hand-built entity—attribute
schema compiled by the authors from the evaluation corpus in about one week and
reviewed by no independent expert; its relations are not used, and it is not aligned to
standard terminologies.

e Singlesource and small sample. All43 protocols come from one web page (a 2008 New
Zealand guidance article), the dictionaries were compiled from that page, and there is
one prompt per protocol.
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e Models and sampling. GPT-3.5 was used through the free ChatGPT interface in June—
July 2024 and LLaMA 2 (13B) and Gemma (7B) through Ollama, all with default
settings that were not controlled. All 43 prompts were submitted in a single chat per
model, so earlier prompts may have influenced later outputs, and one generation was
produced per prompt. These are older, general-purpose models; current frontier and
code-specialised models were not included.

e Statistical power. With 43 prompts per model, the Gemma difference did not reach
significance after correction; results for individual models should be interpreted with
this in mind.

e Rule-based fragility. Paraphrases can bypass dictionary matching, and the flat schema
cannot represent nested or sequential dependencies.

e No state-of-the-art baselines. SPE-ECG was compared only with raw prompting of the
same three models. Its performance relative to other prompting methods, fine-tuned
models, and newer or code-specialized models is unknown.

6. Conclusions

This study introduced SPE-ECG, a rule-based framework that converts unstructured
domain text into a structured JSON representation using NLP preprocessing, curated
dictionaries, and a lightweight domain ontology, and evaluated it in a single case study
(RA/DMARD monitoring protocols) with three LLMs. Mean BLEU against the raw-prompt
code of the other two models was higher under structured prompting for all three models,
with relative gains of 55.1% (GPT-3.5), 32.5% (LLaMA 2), and 19.9% (Gemma); the gains
were statistically significant for GPT-3.5 and LLaMA 2 but not, after correction for multiple
comparisons, for Gemma (Section 4).

These results indicate higher lexical agreement of structured-prompt code with other
models’ raw-prompt code. They do not demonstrate functional correctness, clinical safety,
reliability, or generalization to other domains, and the current design cannot separate the
effect of ontology guidance from that of reformatting. Ablation studies, execution-based and
expert evaluation, and tests on additional domains and current models are needed before
stronger claims can be made. Within these limits, input-level structuring is a lightweight,
fine-tuning-free approach that merits further investigation.

7. Future Work

Several avenues exist for extending the SPE-ECG framework:

e Ablation and Baselines: Evaluate ablation and baseline conditions (JSON without dic-
tionaries, extraction without ontology, explicit natural-language prompts, LLM-based
extraction, and few-shot prompting) to isolate the contribution of ontology guidance.

e Independent References: Write independent, clinician-validated reference implemen-
tations and re-score all conditions against them.

e Functional and Clinical Evaluation: Complement BLEU with CodeBLEU, execution-
based tests (pass@k), and expert rating of clinical constraints, and quantify the omission
of safety checks.

e Standards-Based Ontology: Replace the keyword dictionaries by a formal ontology
(e.g., OWL/RDF) aligned to RxNorm, ATC, SNOMED CT, or UMLS, and use the
relations R in extraction.

e Hierarchical Schema Design: Extend the flat JSON structure to hierarchical or graph-
based representations (e.g., JSON-LD, RDF) to better model sequential and nested
procedural dependencies.
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e Hybrid Extraction Methods: Integrate rule-based structuring with learned schema
induction or transformer-based extraction models to improve robustness against lin-
guistic variation.

e Domain Expansion and Current Models: Apply the methodology to other domains
(e.g., finance, law, engineering) and evaluate current frontier and code-specialized
models (e.g., CodeGemma, DeepSeek Coder) and fine-tuned baselines.

e State-of-the-Art Baselines: Compare SPE-ECG with few-shot prompting, structured
chain-of-thought prompting, LLM-based extraction into the same schema, and current
frontier and code-specialized models, and evaluate with execution-based tests and
expert review.

These extensions will clarify the role of structured prompt engineering in domain-
specific code synthesis.
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