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Abstract

Every pharmaceutical product must be accompanied by a
comprehensive label that delineates its indications, usage,
dosages, and side effects, essential for safe medication prac-
tices. Traditionally, creating drug labels is labor-intensive and
dependent on manual quality checks. Recent advancements
in Large Language Models (LLMs) offer a promising avenue
to streamline this process. In this paper we introduce Clini-
calRAG, an automated labeling quality control pipeline that
integrates LLM with hierarchical Retrieval Augmented Gen-
eration that allows to cross-check every statement in the drug
label document. ClinicalRAG enhances the reliability of au-
tomated drug labeling by systematically reducing hallucina-
tion risks, achieving an accuracy of 96.1% in internal valida-
tion. With user-friendly interface, our pipeline aims to sup-
port pharmaceutical company in drug approval and expedite
patients’ access to new treatments.

Introduction
The development of new medicines involves several stages
before reaching the market (Deore et al. 2019). One criti-
cal aspect of this approval process is developing the drug’s
label (Clarridge, Chin, and Stone 2022). The label provides
detailed information on the drug’s intended use, dosage in-
structions, potential side effects, etc. Creating accurate and
comprehensive labels is complex and time-consuming, tra-
ditionally requiring extensive efforts from domain experts to
find tables, listings and figures that are generated within the
clinical trial analysis pipeline supporting each statement and
value in the label. While accurate, this process can take over
several months, posing a potential risk of delaying market
entry and patients’ access to critical treatments. Recently,
large language models (Achiam et al. 2023; Touvron et al.
2023; Enis and Hopkins 2024) have demonstrated signifi-
cant advancements in natural language understanding and
reasoning capabilities (Zhou et al. 2024; Tan et al. 2023).
On a smaller scale, AI systems utilizing these models have
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begun to emerge for tasks such as legal document writ-
ing. A major challenge with current large language mod-
els is the hallucination problem, where the models gener-
ate responses with factual inaccuracies (Yao et al. 2024;
Hadi et al. 2023). This issue significantly undermines their
reliability in critical applications. One promising solution
is retrieval-augmented generation (RAG), which grounds
LLM outputs in specific content (Ding et al. 2024). A ba-
sic RAG system typically splits data into chunks, translates
each chunk into embeddings using an embedding model, and
compares an input query to these embeddings to retrieve the
most relevant chunks for final answer generation. Due to the
heterogeneity of different document types, this simple ap-
proach may not effectively retrieve the relevant information
needed for accurate answers.

We introduce a hierarchical RAG system to automate la-
bel quality control by constructing a hierarchical tree of clin-
ical trial data, where information tables serve as nodes. Us-
ing prompt engineering and few-shot learning, paragraphs
are broken down into statements, and the system searches
the tree for matching tables. Validation is done with a self-
consistency LLM approach, achieving 96.1% accuracy in in-
ternal case study. ClinicalRAG aims to reduce the time and
resources needed for drug approval, accelerating treatment
availability. This technology can also be applied to other
R&D tasks, such as automated review of critical filing doc-
uments and reports.

ClinicalRAG Framework
ClinicalRAG is inspired by expert-driven drug label qual-
ity control (QC), where experts extract quantitative infor-
mation, identify relevant tables, and verify data against la-
bel documents. While accurate, this process is slow and
expertise-dependent. To streamline it, we restructured the
QC process into four modules focused on table identifica-
tion and verification.

Hierarchical Database Construction
The first step in our pipeline is constructing a database. Clin-
ical studies are registered using RTF tables, which we con-
vert into a unified markdown format using programming
and OCR to standardize titles, headers, and data. Identify-
ing the correct table can be challenging due to similar for-
mats across studies. To overcome this, we use an internal file
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Figure 1: The architecture of the ClinicalRAG pipeline.

hierarchy that organizes information by compound, indica-
tions, and protocols, with leaf nodes representing different
tables.

Query Synthesizer
ClinicalRAG breaks paragraphs into discrete statements
with queries containing hierarchical information for accu-
rate table retrieval in predefined hierarchical database. In this
way, it efficiently pairs each statement in the label document
with the data from the corresponding table. Using few-shot
learning and prompt-based techniques, we guide LLMs to
analyze text, retain context, and identify references like trial
numbers or indications. This approach improves the sys-
tem’s ability to navigate complex data and verify informa-
tion effectively.

Hierarchical Database Retriever
After query synthesis, we use a depth-first search (DFS) to
locate candidate tables in our hierarchical database, reduc-
ing the search space compared to conventional RAG sys-
tems. Since multiple tables may be retrieved, we apply an
LLM-based reranking to select the top-k most relevant re-
sults, ensuring high accuracy in information verification.

Self-Consistency Verifier
To enhance precision and traceability, we convert multi-
figure statement into questions and use LLM-based self-
consistency TableQA modules for verification. Each figure
is verified against retrieved tables in the last step, with val-
idation occurring if the top table confirms it. A color-coded
system is implemented in the user interface to highlight ar-
eas for human review: yellow for information verified by
non-top tables, red for unverified data and no color as suc-
cessfully verified.

User Interface
We developed a web-based interface for ClinicalRAG. Users
can paste paragraphs for QC, select compounds, indications,
and protocols, and view corresponding tables with verified

Model Name Top-1 Top-3
Sensitivity Specificity Accuracy Sensitivity Specificity Accuracy

GPT4 0.97 0.33 0.59 1.00 0.30 0.65
Vanilla RAG 0.47 0.97 0.72 0.79 0.94 0.87
ClinicalRAG 0.84 1.00 0.92 0.96 0.94 0.95

Table 1: Comparison of performance using Top-1 and Top-3
most relevant retrieved tables.

results. This transparent process enhances trust and usability
by clearly showing how decisions are made.

Dataset and Case Study
To evaluate the accuracy of our framework, we leveraged
MSD’s official product KEYTRUDA® label document1. We
identified 68 quantitative results, annotated by expert statis-
ticians, that required verification. Additionally, we generate
the same number of synthetic false data using GPT-4.

We evaluated ClinicalRAG against a Naı̈ve RAG frame-
work and LLM solution (labeled GPT4 in Table 1). The
Naı̈ve RAG reranked all tables based on similarity scores
between embeddings of tables and statements and use the
retrieved tables to generate answers. For the LLM solution,
we attached all tables to the context window and asked the
model to verify the statement. We evaluated model perfor-
mance using sensitivity, specificity, and accuracy. As shown
in Table 1, ClinicalRAG achieved 92% accuracy and 100%
specificity with just one retrieved table, significantly outper-
forming Naı̈ve RAG and LLM solutions.

Conclusion
We introduce ClinicalRAG, a new pipeline that automates
drug labeling quality control with high efficiency and accu-
racy. Its easy-to-use web interface integrates smoothly into
existing workflows, improving transparency and efficiency.
This system lessens the workload on human experts and can
potentially expedite the drug approval process.

1https://www.accessdata.fda.gov/drugsatfda docs/label/2022/
125514s125lbl.pdf
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