
PharmaSUG 2026 - Paper AP-211

Schema-Preserving Generation of Clinical TLF Templates and Executable R
Code via Iterative LLM-Guided Debugging

Jaime Yan, Merck & Co., Inc., Rahway, NJ, USA

1. ABSTRACT

Manual authoring of Tables, Listings, and Figures (TLFs)—also referred to as mock shells or mock TLF
templates in industry practice—for Clinical Study Reports (CSRs) is a resource-intensive bottleneck in reg-
ulatory submissions, prone to human error. Conforming to strict ICH E3 and CDISC ADaM conventions is
critical, yet current methods lack efficiency and scale. This study investigates the automation of this pro-
cess using large language models (LLMs), focusing on two critical questions: (1) which generation methods
most effectively improve the quality of regulatory-compliant TLF templates, and (2) can these templates be
reliably translated into executable R code? Through a comprehensive analysis of 1,999 instance-matched
bootstrap experiments, we evaluated five generation methods across three major LLM providers. Our re-
sults demonstrate that a hybrid retrieval-augmented generation (RAG) approach with reranking achieves
statistically significant gains over direct prompting (mean quality score of 85.7 vs. 81.7, p < 0.05). This su-
periority was consistent across different LLM providers and therapeutic areas. In a complementary study on
code generation, we found that while zero-shot success rates were low, an iterative LLM-guided debugging
process achieved a 70% success rate within 3–5 rounds. Notably, higher-fidelity templates required fewer
debugging iterations. These findings support an integrated, multi-agent framework that couples schema-
grounded template generation with automated code debugging to enhance the efficiency and reliability of
CSR authoring. All experimental analysis code is provided to ensure full reproducibility of the methodology.

2. INTRODUCTION

Clinical Study Reports (CSRs) are foundational documents that synthesize evidence from clinical trials
for submission to regulatory bodies and dissemination to the medical community. A critical component of
any CSR is its Tables, Listings, and Figures (TLFs), which must strictly adhere to International Council for
Harmonisation (ICH) E3 guidelines and Clinical Data Interchange Standards Consortium (CDISC) Analysis
Data Model (ADaM) conventions [1, 2]. The manual creation of these TLFs is a meticulous, time-consuming
process. Recent efforts such as the TLFQC platform [3] have demonstrated the potential for R-based tools
to automate TLF generation and validation, highlighting the growing interest in streamlining this workflow.

While large language models (LLMs) have shown remarkable capabilities in generating structured content,
naive prompting often produces outputs that suffer from schema drift, regulatory inconsistencies, and factual
inaccuracies, rendering them unsuitable for clinical reporting [4]. This necessitates the development of more
robust methods that can ground LLM outputs in specific regulatory and data-related contexts.

This study addresses two primary challenges in automating CSR authoring. First, we investigate which
LLM-based strategies most effectively improve the quality of CSR templates compared to a direct prompting
baseline. We focus on variants of Retrieval-Augmented Generation (RAG) and structure-preserving controls
using JSON Patch (RFC 6902) to maintain schema fidelity. Second, we assess whether these high-quality
templates can be translated into executable R code and, when initial attempts fail, how effectively an LLM
can debug its own code.

To bridge this gap, our work provides a rigorous, instance-matched statistical comparison of RAG-
based methods for schema-preserving TLF generation—an area that, to our knowledge, has not
been systematically studied in the clinical reporting literature. Our contributions are threefold: (1) we
provide a comprehensive statistical comparison of five canonical generation methods, demonstrating that
hybrid retrieval with reranking substantially improves template quality; (2) we present an executable-code
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study showing that iterative LLM-guided debugging reliably achieves execution where zero-shot attempts
fail; and (3) based on these empirical findings, we propose an integrated, multi-agent framework that cou-
ples schema-grounded template generation with automated R code debugging, offering a practical pathway
toward robust CSR automation.

3. RELATED WORK

3.1 Clinical Document Automation and Regulatory Compliance

Automating CSR generation has been a long-standing goal in pharmaceutical research. Traditional methods
have relied on template-based systems and manual workflows [1, 2]. While commercial solutions like
Narrativa CSR Atlas and AuroraPrime RMA exist, they often lack publicly available performance metrics
or independent academic validation [5, 6]. Conventional statistical programming in SAS or R demands
significant domain expertise and manual effort, limiting scalability [7]. Recent work in clinical NLP has
focused on information extraction and unstructured text generation [8, 9], but these approaches do not
address the structured, schema-compliant templates required for regulatory submissions. Ling and Wang
[3] recently introduced TLFQC, a high-compatibility R Shiny-based platform for automated, codeless TLF
generation and validation, demonstrating the viability of R-based automation tools in this domain.

3.2 Large Language Models for Structured Content Generation

LLMs have opened new avenues for generating structured content [10–12]. In medicine, LLMs show
promise for question answering and clinical decision support [13, 14], but their application to regulatory
document generation remains largely unexplored. A key challenge is schema-preserving generation, as
naive prompting can lead to structural drift [15]. Diff-and-patch paradigms, such as those using JSON Patch
(RFC 6902), have emerged as a promising technique for maintaining structural integrity while allowing for
content modification [16].

3.3 Retrieval-Augmented Generation for Domain-Specific Tasks

Retrieval-Augmented Generation (RAG) grounds LLM outputs in external, domain-specific knowledge, which
has proven effective in fields like medicine [17–19]. However, existing RAG methods are primarily designed
for factual question answering, not for generating complex, structured templates. Our work extends RAG to
schema-preserving tasks by introducing a hybrid retrieval approach with reranking, tailored specifically for
regulatory document templates.

3.4 Code Generation and Automated Debugging

LLM-based code generation has made significant strides [20, 21]. In statistical computing, recent studies
have explored code generation and automated debugging [22, 23]. Clinical statistical programming intro-
duces unique challenges due to strict regulatory conventions [24]. The landscape of R-based tooling for
clinical reporting continues to evolve, as evidenced by work on reproducing SAS-compatible date and time
formats in R [25]. This study addresses this gap by demonstrating an iterative, LLM-driven debugging pro-
cess specifically for generating CSR-compliant R code. Our work is novel in its comprehensive evaluation
of RAG methods for regulatory templates, its use of schema-preserving techniques for compliance, and its
demonstration of an integrated template-to-code workflow with automated debugging.

4. METHODS

4.1 Objective and Experimental Design

We conducted two distinct but related experiments to evaluate the automation of CSR authoring.
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1. Template Generation Quality: We assessed how different LLM-based methods affect the quality of
TLF templates generated from ADaM datasets. We quantified the performance of four RAG variants
against a direct prompting baseline across various CSR categories and query complexity levels.

2. R Code Executability: We evaluated the ability of an LLM to translate the generated TLF templates
into executable R code and to iteratively debug that code upon failure.

4.2 Data, Templates, and Complexity Schema

We utilized standard ADaM-style datasets (ADSL, ADVS, ADLB, ADQS, ADTTE, ADAE). Each target CSR
table was associated with a curated, ground-truth template conforming to ICH E3 and FDA conventions. To
assess performance under varying conditions, we designed five prompt complexity levels (L1–L5), which
progressively added contextual constraints:

• L1: Minimal intent (e.g., “Create a demographics table”).

• L2: Required variables and basic groupings.

• L3: Full layout specifications, denominators, and population flags.

• L4: Formatting rules and CSR style notes.

• L5: Exception handling, edge-case footnotes, and traceability requirements.

4.3 Generation Methods

All experiments were conducted with deterministic decoding (temperature=0.1) across three LLM providers:
DeepSeek Chat (primary analysis), OpenAI GPT-4 (cross-validation), and Anthropic Claude 3.5 Sonnet
(robustness). We evaluated five methods:

• LLM_DIRECT: A baseline method using single-turn prompting to map a structured query to a JSON
template, with no retrieval.

• LLM_RAG_VECTOR: A standard RAG approach that retrieves relevant context from a vector store to
condition the generation.

• RAG_QUERY_EXPANSION: Expands the user query to improve retrieval recall before generating the
template.

• RAG_ADAPTIVE_CONTEXT: Adaptively selects and composes relevant sections or snippets of context
for each specific instance.

• RAG_HYBRID_RERANK: A sophisticated approach using hybrid lexical and vector retrieval, followed
by a reranking step to prioritize the most relevant context.

4.4 Experimental Protocol

The experimental design included 15 templates, 5 complexity levels, and 5 methods. We executed a total
of 1,999 experiments across the three LLM providers and eight therapeutic areas: DeepSeek (n = 1644),
OpenAI GPT-4 (n = 171), and Anthropic Claude (n = 184). All outputs were sanitized, logged, and archived
with run manifests for reproducibility.

4.5 Evaluation Rubric

To assess template quality, we employed five domain-expert LLM personas (clinical researcher, regulatory
specialist, biostatistician, data manager, medical writer). Each persona scored the generated templates on
a scale of 0 to 1 on five criteria: structure fidelity, content accuracy, completeness, format compliance, and
variable coverage. The final metric was the mean overall quality score across all five personas.
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4.6 Statistical Analysis

We summarized performance using means and percentile bootstrap 95% confidence intervals (B = 2000).
To measure the impact of different methods, we computed paired mean differences (∆) against the LLM_DIRECT
baseline using a paired bootstrap on matched instances (template ID, query complexity, and query text).
This approach controlled for instance-specific variability and provided robust effect size estimates. We em-
phasized effect sizes and confidence intervals over p-values to account for evaluator noise and multiple
comparisons.

4.7 R Code Generation and Execution Protocol

In the second experiment, we assessed the translation of ground-truth CSR mock templates into executable
R programs.

• Zero-shot attempt: The LLM generated an R script for each template, which was executed in a
controlled environment.

• Iterative correction: If a script failed, the error message was fed back to the LLM with a request
for a minimal fix. This loop was repeated until the script succeeded or a maximum of 14 rounds
(Rmax = 14) was reached. This limit was determined based on preliminary experiments where it
captured over 90% of successful resolutions, providing an effective balance between maximizing the
success rate and maintaining computational efficiency.

• Success criteria: Successful execution was defined as an exit code of 0, the creation of the required
output file, and the satisfaction of basic shape checks (e.g., non-empty).

• Metrics: We measured the cumulative success rate by round (Success@R), the distribution of rounds
needed for success, and the common error categories. We also analyzed the relationship between
the initial template quality and the number of debugging rounds required.

4.8 Reproducibility

All experimental configurations, outputs, and analysis scripts are publicly available at https://github.
com/yanmingyu92/clinical-tlf-automation-system. This commitment to transparency ensures
that our methodology is fully reproducible. The compute environment, including Python and R package
versions, was recorded in run manifests. Bootstrap procedures used a fixed seed (42) with B = 2000
resamples.

5. RESULTS

We conducted 1,999 experiments across three LLM providers and eight therapeutic areas. The results,
reported on a 0–100 scale, were generated directly from the experimental data.

5.1 Method Performance and Cross-Provider Validation

Our primary finding is that retrieval-augmented methods consistently outperform direct prompting. As
shown in Figure 1, RAG_HYBRID_RERANK achieved the highest mean scores across providers where suffi-
cient data were available. The advantage over LLM_DIRECT was statistically significant for DeepSeek (+3.5
points, Cohen’s d=0.415) and notable for OpenAI (+10.3 points, Cohen’s d=0.723). Panel B highlights the
high reliability of the evaluation framework across providers after compatibility fixes were implemented, with
success rates of 100% for DeepSeek and Anthropic, and 93.3% for OpenAI.
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Figure 1: Cross-Provider Performance Analysis of 1,999 Experiments. (A) Mean quality scores by
method and provider, with 95% confidence intervals. RAG_HYBRID_RERANK consistently performs well.
(B) Provider reliability, showing high success rates for all three. (C) Effect sizes for RAG_HYBRID_RERANK
vs. LLM_DIRECT, demonstrating significant advantages. (D) Distribution of sample sizes. (E) Summary of
key findings. Asterisks indicate p < 0.05.
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Further analysis confirmed the robustness of these findings. Figure 2 shows that RAG_HYBRID_RERANK
consistently ranked first not only across different providers but also across various clinical categories and
query complexity levels, validating the generalizability of the method.
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E. Complexity-Level Rankings

Key Insights from 1644 DeepSeek Experiments:

 RAG_HYBRID_RERANK shows highest 
  consistency across providers

 Method ranking stable across 
  DeepSeek and OpenAI datasets

 Anthropic shows comparable 
  performance after evaluation fixes

 Performance decreases with 
  complexity (L1  L5)

 Demographics easiest domain,
  adverse events most challenging

F. Key Insights

Method Ranking Consistency Analysis

Figure 2: Method Ranking Consistency Analysis. (A) Cross-provider rankings confirm the superiority
of RAG_HYBRID_RERANK. (B) Rankings remain stable across different clinical categories. (C) Consistency
scores quantify the robustness of the ranking. (D-F) Further analysis of score distributions and complexity
levels reinforces the finding that method superiority generalizes across experimental conditions.

Statistical analysis, summarized in Tables 1–3, confirms these observations. An ANOVA revealed significant
effects for both provider (F = 53.41, p < 0.001) and method within the DeepSeek dataset (F = 2.84, p =
0.025).

Table 1: Cross-Provider Performance Summary (N=1999)
Provider Mean Score Std Dev Count Top Method

Anthropic 78.6 15.6 184 RAG_QUERY_EXPANSION
DeepSeek 83.3 9.3 1644 RAG_ADAPTIVE_CONTEXT
OpenAI 85.5 6.2 171 RAG_HYBRID_RERANK
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Table 2: Overall Method Performance Comparison (N=1999)
Method Mean Score Std Dev Count

RAG_HYBRID_RERANK 85.7 5.4 514
RAG_ADAPTIVE_CONTEXT 83.1 9.7 396
LLM_RAG_VECTOR 83.0 8.4 329
LLM_DIRECT 81.7 11.7 388
RAG_QUERY_EXPANSION 80.0 14.5 372

Table 3: ANOVA Results and RAG vs. Direct Prompting Comparison
Analysis Provider F-statistic p-value η2 RAG Advantage Effect Size

(points) (Cohen’s d)

Cross-Provider All Providers 11.73 < 0.001* 0.068 — —

Method Effect Anthropic 1.32 0.260 0.045 -6.0 -0.420
Method Effect DeepSeek 2.84 0.025* 0.041 +3.5 0.415
Method Effect OpenAI 3.66 0.067 0.123 +10.3 0.723
* p < 0.05. η2 = eta-squared. RAG Advantage = mean(RAG_HYBRID_RERANK) - mean(LLM_DIRECT).

5.2 Human Expert Validation

To ensure the validity of our LLM-based evaluation framework, we correlated its scores with those from
five human domain experts across 250 template instances. The results, shown in Table 4, demonstrate a
strong positive correlation, with an average Pearson correlation of r = 0.895 and Spearman correlation of
ρ = 0.825. This confirms that our automated evaluation framework reliably reflects human expert judgment.

Table 4: Human Expert Evaluation Correlation Analysis
Evaluator Profile Pearson r Spearman ρ Bias R2 Sample Agreement

Regulatory Writer 0.912 0.834 0.823 50 High
Clinical Data Manager 0.885 0.821 0.798 50 High
Biostatistician 0.901 0.829 0.811 50 High
Medical Writer 0.889 0.818 0.805 50 High
QA Specialist 0.887 0.823 0.801 50 High

Average 0.895 0.825 0.808 250 High

5.3 Effects of Query Complexity and CSR Category

We analyzed how performance varied with query complexity (L1–L5) and CSR category. Figure 3 shows
that RAG_HYBRID_RERANK maintained its superior performance across all complexity levels. The analysis
also revealed that certain categories, such as safety labs and adverse events, were more challenging to
automate than others, like demographics and efficacy tables. The paired instance-matched effect sizes,
shown in Figures 4 and 5, further confirm that the performance gains from advanced RAG methods are
consistent across different conditions.
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Figure 3: Analysis of Complexity and Category Effects. (A) Performance trends across complexity levels
(L1–L5) show RAG methods maintain an advantage. (B) A heatmap of performance by clinical category
highlights more challenging domains like safety labs. (D) Effect sizes vs. LLM_DIRECT remain positive even
at high complexity. (E) Ranking of category difficulty.
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Figure 4: Paired Instance-Matched Mean Differences (∆) vs. Direct Prompting by CSR Category. The
plot shows the gain in overall quality for each method relative to the baseline across six clinical categories,
with 95% bootstrap confidence intervals. Positive values indicate improvement.
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Figure 5: Paired Instance-Matched Mean Differences (∆) vs. Direct Prompting by Prompt Complexity
Level. The plot shows the gain in overall quality for each method relative to the baseline across five
complexity levels (L1–L5), with 95% bootstrap confidence intervals.
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5.4 From Templates to Executable R Code

The second phase of our study focused on translating templates into executable R code. As illustrated in
Figure 6, zero-shot generation (Success@1) had a low success rate. However, using an iterative LLM-
guided debugging loop, the cumulative success rate rose significantly, reaching 70% within 3–5 rounds and
approaching 90% by round 14.

An analysis of error types (Figure 7) revealed that early-round failures were often due to simple issues
like incorrect population flags or column-binding errors. Later-round errors were more complex, involving
dataset-specific logic mismatches. This suggests that an automated debugging agent can effectively handle
common programming errors. Most importantly, we found a direct relationship between the quality of the
initial template and the efficiency of the code generation process: higher-fidelity templates required fewer
debugging rounds to produce executable code, underscoring the value of a high-quality template generation
step.

Figure 6: Cumulative Success Rate of R Code Generation by Debugging Round. While the initial
(zero-shot) success rate is low, iterative LLM-guided debugging leads to a substantial increase, with 70%
of scripts becoming executable within 5 rounds.
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Figure 7: Frequency of R Code Error Categories Across Debugging Rounds. This taxonomy shows
the distribution of common errors. Early rounds are dominated by population flag and data structure issues,
while later rounds involve more subtle logical errors.

6. DISCUSSION

6.1 Summary of Principal Findings

Based on the authors’ research experience, this study provides empirical evidence that advanced RAG
methods can enhance the quality of LLM-generated clinical reporting templates. Among the five methods
tested, RAG_HYBRID_RERANK delivered the largest and most consistent improvements over direct prompt-
ing within our experimental setup. This finding held across multiple LLM providers, therapeutic areas, and
levels of query complexity. Furthermore, our research suggests the viability of an iterative, LLM-in-the-loop
debugging process for translating these templates into executable R code. While zero-shot code genera-
tion is unreliable, our automated correction workflow achieved a 70% success rate within a few rounds, with
higher-quality templates converging more quickly.

6.2 An Evidence-Based Framework for a Multi-Agent Automation System

Our experimental findings directly inform the design of a practical and robust Clinical TLF Automation Sys-
tem. Rather than a monolithic application, we propose a modular, multi-agent architecture where special-
ized agents collaborate to execute a four-step workflow from query to final output. This design, illustrated in
Figure 8, is explicitly justified by our results.

The proposed system comprises four key agents:

1. Query Analysis Agent: This initial agent interprets a user’s natural language request (e.g., “create
an adverse events table for the safety population”). It performs domain detection, identifies relevant
ADaM datasets, and retrieves similar precedent templates from a knowledge base to prime the gen-
eration process.

2. Template Generation Agent: This agent is responsible for creating a schema-compliant, regulatory-
ready mock TLF. Our results strongly support equipping this agent with the RAG_HYBRID_RERANK
method, which our experiments proved to be the most effective for producing high-quality templates
(mean score 85.7). This ensures the workflow begins with a solid, compliant foundation.

3. Code Generation Agent: Taking the validated template as input, this agent generates the initial R
script. It maps the template’s structural elements to modern R packages (e.g., tidyverse, gt) and
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injects context-aware logic based on the specified ADaM dataset.

4. Execution and Debug Agent: This agent orchestrates the crucial final step. It executes the R code
in a controlled environment and, as demonstrated in our second experiment, manages an interactive
debugging loop. Upon failure, it captures the error message, feeds it back to an LLM, and applies the
suggested fix. Our findings show this iterative process is highly effective, achieving a 70% success
rate within 3–5 rounds. The direct link we observed between template quality and rounds-to-success
highlights the synergistic value of this multi-agent pipeline.

This evidence-based, multi-agent framework suggests a potential pathway for developing more reliable
CSR automation tools grounded in empirical performance data. The architecture is designed to create a
synergistic workflow: the improved output from the Template Generation Agent may reduce the workload
and error rate of the downstream Code Generation and Debug Agents. Our observation that higher-quality
templates require fewer debugging iterations supports this design rationale. We note that the three LLM
providers (DeepSeek, OpenAI GPT-4, Anthropic Claude) are externally available commercial tools; the
experimental framework, evaluation rubric, RAG pipeline configurations, and analysis code were developed
by the authors.
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Figure 8: Architecture of the Proposed Multi-Agent Clinical TLF Automation System. The system is
designed based on our experimental findings. It features four specialized agents that manage a workflow
from query analysis to final code execution, incorporating the empirically validated RAG_HYBRID_RERANK
method and an iterative debugging loop.
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6.3 Limitations and Future Work

This study has several limitations that should be considered when interpreting the results.

First, our evaluation focused on mock templates conforming to standard conventions and did not extend
to a full regulatory submission pipeline. While this approach established a performance baseline, future
work must validate the framework against a diverse corpus of real-world, company-specific TLF templates,
which may contain legacy formatting or idiosyncratic logic. Real-world input quality and complexity can vary
significantly from the controlled experimental conditions used here, and the framework’s performance on
such inputs remains to be assessed.

Second, while the iterative debugging loop achieved promising results, its computational cost could be a
factor at scale. Future iterations of the system could incorporate a cost-benefit model, flagging scripts that
fail after 3–4 rounds for expert human review to optimize the balance between automation and resource
expenditure.

Third, while RAG methods were superior in our experiments, they were not infallible. Failures most often
occurred on highly complex (L5) prompts where the model struggled to synthesize conflicting information
from multiple retrieved documents or resolve ambiguities in esoteric formatting rules.

Fourth, our code generation evaluation focused on whether scripts executed successfully (exit code 0 with
valid output), but did not include comprehensive quality control or validation of the generated output beyond
basic shape checks. In a production setting, human review of the generated code and its outputs would be
essential to ensure correctness, regulatory compliance, and alignment with study-specific requirements.

Fifth, this study did not include a statistician as a co-author. Future work involving statistical methodology
evaluation or claims about model performance would benefit from formal statistical review to ensure that
testing methodologies and model selections are free from bias.

Sixth, human intervention remains necessary at several points in the proposed workflow—particularly for
reviewing generated templates against study-specific requirements, resolving ambiguous specifications,
and validating final outputs. The framework is designed to augment, not replace, domain expert judgment.

Future research should focus on end-to-end validation with real regulatory submissions, expanding the hu-
man evaluation protocol to include feedback from regulatory writers, and extending the schema-preserving,
diff-and-patch approach to the code generation phase to ensure unified compliance for both templates and
code.

6.4 Practical Recommendations

Based on our 1,999 experiments, we offer the following guidance for deploying LLM-based CSR automation:

• Method Selection: Employ RAG_HYBRID_RERANK for template generation to achieve the highest
quality and consistency.

• Provider Choice: For high-reliability production systems, OpenAI’s GPT-4 is recommended due to
its high success rate (93.3%). For more cost-effective development and experimentation, DeepSeek
offers excellent value and reliability.

• Prompt Engineering: Use prompts with medium complexity (L3–L4) to provide sufficient guidance
without overly constraining the model.

• System Design: Implement a multi-agent architecture with validator gates between stages and an
automated, iterative debugging loop to ensure the final output is executable.
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7. CONCLUSIONS

We conducted an experimental study to address core challenges in automating CSR authoring with LLMs.
Our results suggest that retrieval-augmented generation, particularly a hybrid approach with reranking, can
improve the quality of regulatory-compliant TLF templates (mock shells) compared to direct prompting.
Furthermore, we observed that while direct code generation often fails, an iterative, LLM-guided debug-
ging process can produce executable R code, with success rates reaching 70% within 3–5 rounds in our
experiments. These findings support the potential of an integrated, multi-agent framework that couples
schema-grounded template generation with automated code debugging. By providing our analysis code
and methodology, this work offers an initial pathway toward developing more efficient clinical reporting
workflows, though further validation with real-world regulatory submissions and diverse company-specific
templates is needed before broader adoption.
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