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Abstract

This article presents an innovative approach to
revolutionizing clinical protocol management and analysis
through the integration of vector search methodologies and
large language models (LLMSs), leveraging the capabilities of
Snowflake Cortex Al. The study addresses the critical
challenges faced by researchers in efficiently searching and
extracting information from vast numbers of PDF-based
clinical study protocols. By implementing a sophisticated
system that converts complex medical concepts into 768-
dimensional vectors and utilizes advanced cosine similarity
algorithms, we demonstrate significant improvements in
search accuracy and speed compared to traditional methods.
The proposed solution creates an in-house knowledge base,
enabling rapid and context-aware querying of clinical
protocols. Performance evaluations show a marked increase
in F1 score (0.89) compared to keyword-based searches
(0.62) and standalone LLMs (0.75), with an average response
time of 1.2 seconds. Case studies reveal a 65% reduction in
patient identification time for multicenter oncology trials and
the discovery of novel drug repurposing opportunities in rare
disease research. While acknowledging current limitations,
this paper discusses the profound implications of this
technology for accelerating medical discoveries, enhancing
clinical trial efficiency, and advancing healthcare research
methodologies in the era of big data and artificial
intelligence.
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1. Introduction

The management and analysis of clinical study protocols
have long been a challenge in healthcare research,
particularly due to the vast volume of information stored in
PDF formats. These protocols, crucial for guiding clinical
trials, often contain complex inclusion and exclusion criteria
that researchers must meticulously search through, a process
that has traditionally been time-consuming and inefficient
[1]. With the advent of advanced artificial intelligence and
machine learning technologies, there is now an opportunity to
revolutionize this process. This paper presents an innovative
approach that leverages Snowflake Cortex Al's vector search
capabilities and large language models (LLMs) to enhance
the searchability and utility of clinical study protocols. By
creating an in-house knowledge base and implementing a
sophisticated vector search methodology, we address the
limitations of traditional text-based searches and the
inadequacies of existing language models in handling
specialized medical content. This novel system not only
promises to significantly reduce the time and effort required
to extract relevant information from thousands of clinical
protocols but also has the potential to accelerate the pace of
medical research and improve patient outcomes [2]. Our
approach demonstrates the powerful synergy between
cutting-edge database technologies and natural language
processing, offering a glimpse into the future of data-driven
healthcare research.

Il. Current Challenges in Clinical Protocol Management
A. Volume and complexity of PDF-based protocols

The pharmaceutical industry faces significant challenges in
managing the sheer volume and complexity of clinical study
protocols. These protocols, often stored as PDF documents,
can range from dozens to hundreds of pages, containing
intricate details about study design, patient eligibility,
treatment regimens, and data collection procedures. As the
number of clinical trials continues to grow globally, with
over 400,000 registered studies as of 2021 [3], researchers
are grappling with an unprecedented amount of information.
The complexity of these protocols has also increased over
time, reflecting the growing intricacy of modern clinical
research, particularly in fields such as oncology and rare
diseases.

B. Inefficiencies in searching text-based and image-based
PDFs

The PDF format, while ubiquitous for document sharing,
presents substantial hurdles for efficient information

retrieval. Text-based PDFs allow for basic keyword searches,
but these often fall short when dealing with complex queries
or when trying to extract specific information from large
document sets. Image-based PDFs, often scanned versions of
physical documents, pose an even greater challenge as they
lack inherent text searchability. Optical Character
Recognition (OCR) technology can partially address this
issue, but it is not foolproof and can introduce errors,
especially with complex medical terminology.

C. Specific use case: Searching for inclusion and

exclusion criteria in cancer studies

In oncology research, the ability to quickly and accurately
identify inclusion and exclusion criteria across multiple
studies is crucial for patient recruitment and cross-study
analysis. These criteria are often scattered throughout
protocol documents and can be highly specific, involving
complex combinations of biomarkers, previous treatments,
and disease stages. Manual searching through hundreds of
protocols for relevant criteria is not only time-consuming but
also prone to human error, potentially leading to missed
opportunities for patient enrollment or inaccurate
comparisons between studies.

D. Limitations of existing language models in protocol-
specific tasks

While general-purpose language models have made
significant strides in natural language processing tasks, they
face limitations when applied to specialized domains like
clinical research protocols. These models, including popular
ones like GPT-3.5, are not specifically trained on the vast
corpus of clinical trial documents and may lack the nuanced
understanding required for accurate interpretation of medical
terminology and protocol-specific language [4]. Furthermore,
the sensitive nature of clinical trial data often precludes the
use of external, cloud-based language models due to privacy
and regulatory concerns, necessitating the development of in-
house solutions that can maintain data confidentiality while
providing powerful analytical capabilities.

I11. Proposed Solution: In-House Knowledge Base and
Vector Search

The creation of an in-house knowledge base addresses
several critical needs in clinical protocol management. By
extracting and structuring information from diverse PDF
protocols, this approach allows for centralized, secure storage
of sensitive clinical data. It enables rapid information
retrieval, and customization to specific organizational needs,
and ensures data privacy compliance. Moreover, an in-house
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solution facilitates continuous updates and refinements based
on new protocols and evolving research priorities.

Vector search methodology represents a paradigm shift in
information retrieval for clinical protocols. This approach
involves converting textual data into high-dimensional
numerical vectors, where semantic similarity is reflected in
vector proximity. By transforming complex medical concepts
and criteria into these mathematical representations, vector
search enables nuanced, context-aware querying that far
surpasses traditional keyword-based methods. This is
particularly valuable for identifying subtle relationships and
similarities across diverse clinical protocols.

Snowflake Cortex Al emerges as a powerful tool in this
context, offering advanced vector-type capabilities within its
robust data platform. The system supports the creation and
manipulation of 768-dimensional vectors, providing ample
dimensionality to capture the intricacies of clinical protocol
data. Snowflake's infrastructure allows for efficient storage,
indexing, and querying of these vectors at scale, making it
possible to perform rapid similarity searches across vast
protocol databases.

The proposed vector search solution, powered by Snowflake
Cortex Al, offers significant advantages over traditional
methods. Unlike simple text searches, it can understand
context and semantic relationships, greatly improving the
relevance of search results. Compared to conventional
machine learning approaches that require extensive model
training on specific datasets, this method allows for more
flexible and efficient knowledge induction. It eliminates the
need for costly and time-consuming retraining of large
language models with each data update, instead leveraging
pre-trained models in conjunction with dynamically updated
vector representations of the knowledge base [5]. This
approach not only saves computational resources but also
allows for more agile adaptation to new protocols and
research criteria.

IV. System Architecture and Implementation

A. Data preprocessing and PDF information extraction

The initial stage of the system involves robust preprocessing
of clinical protocol PDFs. This process utilizes advanced
Optical Character Recognition (OCR) techniques for image-
based PDFs and sophisticated text extraction algorithms for
text-based PDFs. Natural Language Processing (NLP)
techniques are then applied to structure the extracted data,
identifying key sections such as inclusion/exclusion criteria,

study design, and endpoints. This structured information
forms the foundation of our knowledge base, ensuring that
critical details are accurately captured and readily accessible
for further processing.

B. Vector creation and storage using Snowflake's 768-
dimensional vector type

Following data extraction, the system leverages Snowflake's
768-dimensional vector type to create high-dimensional
representations of the preprocessed protocol information.
This process involves using pre-trained language models to
generate embeddings for each relevant section of the
protocols. These embeddings capture the semantic essence of
the text, allowing for a nuanced representation of complex
medical concepts. The resulting vectors are then efficiently
stored and indexed within Snowflake's database, enabling
rapid retrieval and comparison [6].

C. Query processing and vector conversion

When a user submits a query, the system first processes it
using NLP techniques to understand the intent and extract
key concepts. The processed query is then converted into a
vector representation using the same embedding model
employed for the protocol data. This ensures compatibility
and allows for direct comparison between the query and the
stored protocol vectors.

D. Cosine similarity algorithm for matching and ranking
results

The heart of the search functionality lies in the cosine
similarity algorithm, which computes the angular distance
between the query vector and the stored protocol vectors.
This method effectively measures the semantic similarity
between the query and the stored information. The system
ranks the results based on their cosine similarity scores, with
higher scores indicating greater relevance. This approach
allows for the identification of not just exact matches, but
also conceptually similar information, which is crucial in the
complex landscape of clinical research.

E. Integration of vector search results with LLMs for
response generation

The final stage of the process involves integrating the top-
ranked vector search results with a Large Language Model
(LLM). The system feeds the most relevant protocol sections
identified by the vector search into the LLM, along with the
original query. The LLM then generates a coherent, context-
aware response that synthesizes the information from
multiple protocols. This integration allows for nuanced
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interpretation of the search results, providing researchers
with succinct, relevant answers that draw from the broad
knowledge base of clinical protocols [7].

V. Snowflake Cortex Al Integration

A. Role of Snowflake Cortex Al in the proposed system
Snowflake Cortex Al serves as the cornerstone of our clinical
protocol management system, providing a robust and scalable
infrastructure for handling complex vector operations and
large-scale data processing. Its advanced machine-learning
capabilities enable the system to perform sophisticated vector
searches across vast amounts of clinical data with remarkable
efficiency. Cortex Al's integration allows for the seamless
execution of vector transformations, similarity computations,
and result ranking, all within the Snowflake environment.
This integration eliminates the need for data movement
between disparate systems, enhancing both performance and
data security.

B. Leveraging Snowflake's database capabilities for efficient
data management

The system harnesses Snowflake's powerful database
capabilities to manage the extensive clinical protocol dataset
effectively. Snowflake's unique architecture, combining the
benefits of shared-disk and shared-nothing database designs,
allows for exceptional scalability and concurrent access. This
is crucial when dealing with the volume and complexity of
clinical trial data. The platform's ability to handle structured
and semi-structured data enables the system to store and
query both the original protocol text and its vector
representations efficiently. Additionally, Snowflake's data
sharing and governance features ensure that sensitive clinical
information remains secure and compliant with regulatory
requirements while still being accessible for authorized
research purposes.

C. Seamless integration of vector search and LLM
functionalities

One of the most innovative aspects of our system is the
seamless integration of vector search capabilities with Large
Language Model (LLM) functionalities, all within the
Snowflake ecosystem. This integration allows for a fluid
workflow where vector search results can be directly fed into
LLMs for further processing and response generation.
Snowflake Cortex Al facilitates this by providing a unified
environment where both vector operations and LLM
inference can occur. This approach significantly reduces
latency and improves overall system performance. The
system leverages Snowflake's support for user-defined

functions (UDFs) and stored procedures to implement custom
vector operations and LLM calls, enabling complex queries
that combine the power of vector similarity search with the
natural language understanding capabilities of LLMs [8].

VI. System Demonstration and Performance Evaluation

The implementation of our system followed a
comprehensive,  multi-stage  process. Initially, we
preprocessed a diverse set of 10,000 clinical trial protocols,
extracting key information using advanced NLP techniques.
Next, we leveraged Snowflake Cortex Al to generate and
store 768-dimensional vectors for each protocol section. We
then developed a custom query interface that converts user
inputs into vector representations. Finally, we integrated the
vector search results with a fine-tuned biomedical LLM to
generate context-aware responses.

To showcase the system's capabilities, we conducted a live
demonstration using real-world clinical research scenarios. In
one example, we queried the system for "novel
immunotherapy approaches in stage Il lung cancer with
specific exclusion criteria for autoimmune disorders." The
system rapidly identified relevant protocols, extracted
pertinent information, and generated a concise summary of
applicable inclusion and exclusion criteria, demonstrating its
ability to handle complex, multi-faceted queries efficiently.

We evaluated our system's performance against traditional
keyword-based search methods and standalone LLM
approaches. The vector search method demonstrated superior
recall and precision, achieving an F1 score of 0.89 compared
to 0.62 for keyword search and 0.75 for standalone LLMs
[9]. Response time was significantly improved, with our
system returning relevant results in an average of 1.2
seconds, compared to several minutes for manual searches.
Additionally, the system showed a 40% reduction in false
positives when identifying suitable protocols for specific
patient criteria.

F1 Average False
Method Score Response Positive
Time Reduction

Vector Search
with LLM (Our 0.89
System)

1.2 seconds 40%

Standalone LLMs | 0.75 | Not specified Not
specified

Traditional Several .

Keyword Search 0.62 minutes Baseline
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Table 1: Performance Comparison of Protocol Search
Methods[9]

We conducted several case studies to illustrate the system's
real-world impact. In a multicenter oncology trial, our system
reduced the time required to identify eligible patients by
65%, significantly accelerating the recruitment process.
Another case study focusing on rare disease research
demonstrated the system's ability to identify subtle
connections between seemingly unrelated protocols, leading
to the discovery of a potential repurposing opportunity for an
existing drug [10].

F1 Score

Figure 1: Search Performance Metrics Across Methods [9]

VII. Discussion

A. Implications for healthcare research and clinical studies
The integration of vector search and LLMs in clinical
protocol analysis represents a significant advancement in
healthcare research methodology. By dramatically reducing
the time and effort required to extract and synthesize
information from vast protocol databases, our system enables
researchers to focus more on data interpretation and
hypothesis generation. This shift has the potential to
accelerate the pace of clinical trials, improve protocol design,
and enhance the overall efficiency of the drug development
process.

Area of Key Improveme
Case Study Application | Outcome nt
. Time to
I\O/Irtjclglcsntre Patient Identify 65%
icology Recruitment | Eligible reduction
Trial -
Patients
Identificati This led to a
on of otential
Rare Disease | Drug Cross- P
. drug
Research Repurposing | Protocol .
. repurposing
Connectio -
ns opportunity

Table 2: Case Study Results: Impact on Clinical Research
Efficiency [10-11]

B. Potential impact on accelerating medical discoveries

The improved accessibility and analyzability of clinical
protocol data facilitated by our system could lead to more
rapid identification of promising treatment approaches and
research gaps. By enabling researchers to quickly cross-
reference and analyze protocols across different studies and
therapeutic areas, the system promotes a more holistic
understanding of the clinical research landscape. This
comprehensive view could catalyze novel insights and
collaborations, potentially shortening the path from initial
discovery to clinical application [11].

C. Limitations and areas for future improvement

While our system demonstrates significant advantages, it is
not without limitations. The current implementation is
constrained by the quality and comprehensiveness of the
initial protocol database. Future work should focus on
expanding the knowledge base and developing more
sophisticated methods for continuous learning and database
updating. Additionally, while the system shows high
accuracy, there is still a need for human oversight,
particularly in interpreting complex medical information.
Further research is needed to enhance the system's ability to
handle highly specialized or emerging medical concepts that
may not be well-represented in the training data. Lastly,
ongoing efforts are required to ensure the system's
compliance with evolving data privacy regulations and to
develop more advanced security measures for handling
sensitive clinical information.

CLINICAL TRIAL EFFICIENCY

= Before System Implementation = After System Imple

TIME TO IDENTIFY
ELIGIBLE PATIENTS

Figure 2: Clinical Trial Efficiency Metrics (Time in Hours)
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Conclusion

In conclusion, this article presents a groundbreaking
approach to clinical protocol management and analysis
through the integration of vector search methodologies and
large language models, powered by Snowflake Cortex Al. By
addressing the long-standing challenges of efficiently
searching and extracting information from voluminous PDF-
based protocols, our system demonstrates significant
improvements in both speed and accuracy over traditional
methods. The innovative use of 768-dimensional vectors for
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representing complex medical concepts, combined with
sophisticated query processing and LLM-based response
generation, opens new avenues for accelerating clinical
research and drug development processes. While
acknowledging current limitations and areas for future
improvement, the demonstrated success in enhancing
protocol searchability, reducing analysis time, and
uncovering non-obvious connections between studies
underscores the transformative potential of this technology.
As healthcare continues to evolve in the era of big data and
artificial intelligence, systems like the one described in this
article will play a crucial role in driving medical discoveries,
optimizing clinical trial designs, and ultimately improving
patient outcomes. The synergy between advanced data
management techniques and natural language processing
capabilities exemplified here represents a significant step
forward in the ongoing effort to harness the full potential of
clinical research data.
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