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Abstract

The rapid growth of biomedical research data has made it difficult for
researchers and clinicians to quickly access reliable and relevant
information. Manual analysis of large collections of research papers is time-
consuming and often leads to missed insights. Although modern Al-based
systems can generate summaries, they frequently lack factual grounding and
depend heavily on internet-based services. This work presents MedIngest Al,
an offline biomedical knowledge engine designed to ingest PDF documents,
retrieve relevant evidence, and generate citation-backed summaries. The
system follows a structured pipeline that includes text extraction, chunking,
embedding generation, indexing, retrieval, and summarization. A key focus is
placed on maintaining evidence linkage and reliability throughout the
process. The system is implemented as a modular platform with an
interactive user interface that supports document management, query-based
summarization, analytics visualization, and export functionality. Screens such
as the document library, summarization interface, analytics dashboard, and
export center demonstrate the practical usability of the system. Overall, the
proposed system provides a self-contained and privacy-preserving solution
for biomedical knowledge processing. It improves transparency by linking
generated summaries with source evidence and enables users to work
efficiently without relying on external cloud services.

Introduction

and complex medical content. [4]

Biomedical research has grown rapidly over the
years, leading to a massive increase in scientific
publications, clinical reports, and datasets. While
this expansion improves access to knowledge, it
also creates a challenge for researchers and
clinicians who need to quickly extract useful
information from large volumes of text. Manual
reading and analysis are no longer practical,
especially when dealing with multiple documents
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At the same time, artificial intelligence and
natural language processing have introduced
automated ways to summarize and analyze text.
These systems can generate summaries in a short
time, but they often lack reliability. Many existing
solutions produce content that is not fully
supported by source documents, which reduces
trust in the output. In biomedical applications,
even small inaccuracies can lead to serious
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consequences, making accuracy and traceability
very important. [17]

Another limitation of current systems is their
dependence on cloud-based services. Most tools
require internet connectivity and external APIs to
process data. This raises concerns about data
privacy, especially when handling sensitive
medical information. It also limits usability in
environments where internet access is restricted
or not allowed. [6]

To address these challenges, this work introduces
MedIngest Al, an offline biomedical knowledge
engine designed to process documents, retrieve
relevant information, and generate summaries
with proper evidence support. The system focuses
on providing a reliable and transparent workflow
where each generated output can be traced back to
its source. Instead of relying only on text
generation, it combines retrieval, processing, and
validation steps to improve the quality of results.
[10]

The proposed system also emphasizes usability
through an interactive interface. Users can upload
documents, explore the document library, generate
summaries, and analyze system performance using
built-in dashboards. By combining system design
with practical implementation, the platform
provides a complete solution for biomedical
knowledge processing in offline environments.

Objectives Of the System
The primary goal of MedIngest Al is to build a
reliable and fully offline system that can process
biomedical documents and generate evidence-
backed summaries. The system is designed to
address both technical and practical challenges in
biomedical text processing by focusing on
accuracy, transparency, and usability.
The key objectives of the system are as follows:
*  Offline Document Processing:
To develop a system that can ingest and
process biomedical PDF documents
without requiring internet connectivity,
ensuring data privacy and secure
execution.
o Efficient Text Extraction and Indexing:
To extract meaningful textual content
from documents, divide it into structured
chunks, and store it in an indexed format
for fast retrieval.
» Evidence-Based Retrieval Mechanism:
To implement a retrieval process that
identifies the most relevant document
segments based on user queries using
semantic similarity techniques.
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+ C(itation-Backed Summarization:
To generate summaries that are directly
linked to source documents, ensuring
that every statement can be traced to its
original evidence.
* Reliability and Transparency:
To maintain trust in the system by
providing evidence linkage and ensuring
that outputs are grounded in retrieved
data.
*  User-Friendly Interface:
To design an interactive interface that
allows users to upload documents, query
the system, view results, and explore
data easily.
* Analytics and Monitoring:
To provide system-level insights such as
number of documents, processed chunks,
and index size for better understanding
of system performance.
+  Export Functionality:
To enable users to export generated
summaries in formats such as DOCX and
Markdown for further use in research or
reporting.
These objectives ensure that the system not only
performs technical tasks effectively but also
remains practical for real-world biomedical
applications where reliability, usability, and data
security are critical.

System Overview

MedIngest Al is designed as a complete offline
platform that transforms raw biomedical
documents into structured, queryable knowledge.
The system integrates document ingestion,
semantic retrieval, summarization, and
visualization into a single workflow, allowing
users to interact with biomedical data in a simple
and efficient way. [5]

At the core, the system begins with document
ingestion, where users upload biomedical PDF
files. These documents are processed to extract
textual content, which is then divided into smaller
chunks for better handling. Each chunk is
converted into vector representations and stored
in a local index, enabling fast and accurate
retrieval during query processing.

Once the data is prepared, the system allows
users to enter queries through an interactive
interface. The retrieval component searches the
indexed data and selects the most relevant
chunks based on semantic similarity. These
retrieved segments act as the foundation for
generating summaries, ensuring that the output
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remains grounded in actual document content.
[10]

The summarization module then processes the
retrieved information and produces a concise
response. Unlike generic summarization tools, the
system maintains a strong connection between the
generated content and the original documents.
This helps in improving transparency and allows
users to verify the information easily.

In addition to summarization, the system includes
supporting components such as analytics and
export modules. The analytics section provides
insights into system activity, including the number
of documents processed, chunks created, and index
size. The export feature enables users to save
generated summaries in structured formats for
further use. [2]

The entire workflow is managed through a user
interface that connects all components seamlessly.
From document upload to final output, each step is
designed to be intuitive and transparent. This
makes the system suitable for researchers,
students, and professionals who need a reliable
tool for biomedical knowledge extraction without
relying on external services.

Overall, the system provides a unified solution
where ingestion, retrieval, summarization, and
visualization work together to deliver accurate and
evidence-based results in an offline environment.

System Architecture

The system architecture of MedIngest Al is
designed as a modular and layered framework
where each component performs a specific task in
the overall pipeline. The architecture ensures
smooth data flow from document ingestion to final
summary generation while maintaining reliability,
traceability, and offline execution.
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Figure 1: System Architecture
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At a high level, the architecture is divided into
multiple functional layers:

Input and Ingestion Layer

This layer handles the entry of biomedical
documents into the system. Users upload PDF
files through the interface, and the ingestion
module processes these files by extracting text
content. The extracted data is cleaned,
normalized, and divided into smaller chunks to
make it suitable for further processing.

This step is important because large biomedical
documents are complex, and breaking them into
smaller segments improves retrieval accuracy
and system performance.

Indexing and Storage Layer

Once the documents are processed, the system
converts each text chunk into vector embeddings.
These embeddings are stored in a local index,
which acts as the core knowledge base of the
system. The indexing mechanism allows fast
similarity-based search during query execution.
All data is stored locally, ensuring privacy and
eliminating the need for external storage or cloud
services.

Retrieval Layer

The retrieval module is responsible for selecting
the most relevant document segments based on
the user’s query. It uses semantic similarity
techniques to match the query with indexed
embeddings and returns the top relevant chunks.
This layer ensures that only meaningful and
contextually relevant information is passed to the
next stage, which improves the quality of
generated summaries.

Summarization Layer

In this layer, the system generates a concise
summary using the retrieved content. The
summarization process is controlled to ensure
that the output remains aligned with the input
evidence. The system avoids introducing
unrelated information by restricting generation to
retrieved data.

This approach improves the reliability and
consistency of the output.

Evidence and Citation Layer

After generating the summary, the system links
the output to its corresponding source
documents. This ensures that users can trace each
piece of information back to its origin.
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This layer plays a key role in maintaining
transparency and trust, especially in biomedical
applications where evidence validation is critical.

Analytics and Monitoring Layer

The system includes an analytics module that
provides insights into internal operations. It tracks
parameters such as number of uploaded
documents, processed chunks, and index size.

This helps users understand system performance
and monitor data processing activities effectively.

Output and User Interface Layer

The final layer is responsible for presenting results
to the user. The interface displays summaries,
retrieved content, and system analytics in a
structured manner. It also provides options for
exporting results into different formats.

The interface connects all modules and ensures a
smooth user experience from input to output.

Architectural Advantages
*  Modular design ensures easy maintenance

and scalability
*  Offline operation guarantees data privacy
and reproducibility
e Evidence-linked output improves
transparency and trust
o Efficient retrieval enhances system
performance
* Integrated Ul improves usability and
accessibility
Overall, the architecture ensures that each
component works independently while

contributing to a cohesive and reliable system for
biomedical knowledge processing.

Methodology

The working of MedIngest Al follows a structured
pipeline where each step transforms raw
biomedical documents into meaningful and

evidence-supported summaries. The workflow is
designed to be sequential, ensuring that data flows
through well-defined stages without loss of
information or accuracy.

Step-by-Step Workflow
The complete workflow of the system is described
below:
1. Document Upload
The process begins when the user uploads
biomedical PDF documents through the
interface. These documents form the input
dataset for the system.
2. Text Extraction and Cleaning
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The system extracts textual content from
the wuploaded PDFs. It removes
unnecessary elements and normalizes
the data to ensure consistency.

3. Chunking of Documents
The extracted text is divided into smaller
chunks. This improves the efficiency of
indexing and retrieval by allowing the
system to work with manageable text
units.

4. Embedding Generation
Each text chunk is converted into a
vector representation. These embeddings
capture the semantic meaning of the text
and are used for similarity-based
retrieval.

5. Index Creation
The generated embeddings are stored in
a local index. This index acts as the core
storage system for all processed data and
enables fast search operations.

6. Query Input
The user provides a query through the
system interface. This query represents
the information requirement.

7. Semantic Retrieval
The system searches the index to find the
most relevant text chunks based on the
query. Only the top matching results are
selected.

8. Summary Generation
The retrieved chunks are passed to the
summarization module, which generates
a concise and meaningful summary.

9. Evidence Linking
The generated summary is associated
with its source content, allowing users to
verify the information.

10. Result Display and Export
The final output is displayed through the
interface, and users can export the
summary for further use.

Workflow Characteristics

* The process is fully offline, ensuring
secure data handling

* Each stage is dependent on the previous
step, maintaining data consistency

* Retrieval-based processing ensures
relevance of results

+ Evidence linkage improves transparency
and trust

Logical Flow Representation
The workflow can be summarized as:
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Document Upload — Text Processing — Chunking
— Embedding — Indexing —» Query — Retrieval —»
Summarization — Evidence Linking — Output

This linear flow ensures that the system remains
organized and predictable, which is important for
both debugging and scalability.

Importance of Workflow Design

The structured workflow is essential for
maintaining the reliability of the system. Instead of
generating summaries directly from raw input, the
system first filters and retrieves relevant
information. This reduces noise and improves the
quality of the final output.

By combining multiple steps such as retrieval,
processing, and summarization, the system
ensures that the output is both meaningful and
grounded in actual data.

This methodology provides a clear and efficient
way to process biomedical documents, making the
system suitable for real-world applications where
accuracy and usability are equally important.

System Implementation

The implementation of MedIngest Al focuses on
providing a practical and interactive platform
where users can upload documents, explore data,
generate summaries, and export results. The
system is designed with a user-friendly interface
that connects all backend modules into a single
workflow. The following section explains the
implementation using system screenshots to
demonstrate functionality and usability.

Dashboard Overview

Medingest Al Home About Libra

Offline Biomedical Knowledge Engine

Ingest PDFs, retrieve evidence, generate faithful summaries with citations. 100% offline.

Try Summarizer Open Library

Figure 2: Main Dashboard Interface

This screen represents the central dashboard of
the system. It displays key system statistics such as
total documents, processed chunks, index size, and
system status. The dashboard provides a quick
overview of the system’s current state and helps
users monitor activity efficiently.
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Document Library Module
Medingest Al

Overview

Medingsst Al is an offine biomedical knoméedye engine: ingest PDFS, retrieve evidence, and generate cNation-Dacked SUmIMaries without any intemet.

Architecture

POF + Taxt Extractlon + Chunking + Emboddings + (FAISS + 5Quite) + RAG Sumarizstisn + Cltations + Rellability

Features

Figure 3: Document Library and Upload Interface

This interface allows users to upload biomedical
PDF documents and manage stored files. Users
can view document names, sizes, and upload
timestamps. This module is important because it
acts as the entry point for data ingestion and
ensures that all documents are organized
systematically.

Summarization Interface

Medingest Al
Document Library

e o [ oo

data\raw\associations-of renal vascular-resistance.pdf

cord-19-th

data\raw\cord-19-the-covid-19- earch-dataset pdf

P d 20-26-2020.pdf

data\raw\experime

Figure 4: Query-Based Summarization Screen

ntal-and-therapeutic-medicine-20-26-2020.pdf

In this screen, users enter queries related to
biomedical topics. The system retrieves relevant
content and generates a summary based on the
indexed data. This interface is the core interaction
point where users obtain insights from uploaded
documents.

Generated Summary Output

Summarize with Evidence

Enter your biomedical question

Answer
[ tcoro-19: The CovID-19 Open Research Dataset | 5.1 1)

Sources

Context

Figure 5: Generated Summary with Evidence
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This screen shows the output summary generated
by the system. The content is derived from
retrieved document segments and reflects the
system’s ability to produce concise and meaningful
responses. The output demonstrates how
information is structured for easy understanding.

Analytics Dashboard
Medingest Al

Analytics Dashboard

Ingestion stats, index status, and top sources.

Chunks

838

Documents FAISS index size

14 0.61 MB

Figure 6: System Analytics and Metrics View

The analytics dashboard provides insights into
system performance. It includes information such
as number of processed documents, chunk
distribution, and indexing details. This helps users
understand how data is being handled internally
and supports system monitoring.

Export Functionality

Medingest Al

Export Center

Export your latest answer (from the Summarize page) to DOCX or Markdown

EXPORT AS DOCX
EXPORT AS MARKDOWN

Figure 7: Export Options Interface

This interface allows users to export generated
summaries into different formats such as DOCX or
Markdown. This feature is useful for researchers
who want to use the generated content in reports
or academic work.
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System Workflow Visualization

Medingest Al Home ~ About  Library  Summarize  Explorer

How it works

\A/n
\V\

Workflow animation loading

Workflow Overview

PDF — Text Extraction — Chunking — Embeddings — FAISS Index — RAG Summarization — Citations

1. PDF Ingestion: Upload and parse biomedical PDFs
2. Text Processing: Extract text and split into meaningful chunks
3. Embedding Generation: Convert chunks to vector representations

Figure 8: End-to-End Workflow Execution Screen

This screen represents the overall execution flow
of the system, showing how data moves from
document upload to final summary generation. It
helps users understand the internal process and
provides transparency in system operations.

Implementation Summary
The implementation demonstrates how different
modules work together in a unified system. Each
interface component is connected to backend
processing stages such as ingestion, retrieval, and
summarization. The use of visual dashboards and
structured interfaces improves usability and
.onakes the system accessible even to non-

technical users.

Discussion
The developed system demonstrates how
biomedical document processing can be

simplified through an integrated and user-
friendly platform. By combining document
ingestion, semantic retrieval, and summarization
within a single workflow, the system reduces the
effort required to extract meaningful insights
from large volumes of data. The presence of an
interactive interface further improves usability,
allowing users to perform complex operations
without needing deep technical knowledge.

One of the key strengths of the system is its offline
operation. Since all processing is performed
locally, it eliminates concerns related to data
privacy and dependency on external services.
This makes the system suitable for environments
where sensitive biomedical data is handled or
where internet access is limited. The ability to run
on standard hardware also increases accessibility
for academic and research institutions.
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The system also improves transparency by linking
generated summaries with source content. Unlike
generic Al-based tools, which often produce
outputs without clear justification, this system
maintains a connection between input documents
and generated results. This helps users verify
information and builds trust in the system’s
outputs.

Another important aspect is the modular design of
the system. Each component—such as ingestion,
indexing, retrieval, and summarization—works
independently but contributes to the overall
workflow. This modular structure makes it easier
to maintain, extend, and upgrade the system in the
future. For example, new retrieval methods or
summarization techniques can be integrated
without redesigning the entire system.

From a practical perspective, the inclusion of
dashboards, document management, and export
features makes the system highly usable in real-
world scenarios. Researchers can manage large
document collections, generate summaries, and
directly use the output in their work. This reduces
the gap between theoretical system design and
actual implementation.

However, the system also has certain limitations.
Since it operates offline, performance depends on
local hardware capabilities. Additionally, the
quality of summaries is influenced by the quality of
uploaded documents and the effectiveness of the
retrieval process. These factors highlight areas
where further improvements can be explored in
future work.

Overall, the system provides a balanced approach
between functionality, usability, and reliability. It
demonstrates  that  combining  structured
processing with an intuitive interface can
significantly improve the efficiency of biomedical
knowledge extraction.

Conclusion

This work presents MedIngest Al, an offline
biomedical knowledge engine designed to simplify
document processing and generate evidence-
supported summaries. The system integrates
document ingestion, semantic retrieval, and
summarization into a unified platform, making it
easier for users to extract relevant information
from large collections of biomedical data.

The implementation demonstrates that a
structured workflow, combined with an interactive
user interface, can significantly improve usability
and efficiency. Features such as document
management, query-based summarization,
analytics dashboards, and export functionality
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make the system practical for real-world
applications. The ability to link summaries with
source content further enhances transparency
and trust.

A key contribution of this system is its offline
operation, which ensures data privacy and
independence from external services. This makes
it suitable for research environments where
secure and reproducible processing is required.
The modular design also allows flexibility for
future enhancements and integration of
additional features.

In summary, the system provides a reliable and
user-friendly solution for biomedical knowledge
extraction. It bridges the gap between complex
document processing techniques and practical

implementation, enabling users to work
efficiently with large-scale biomedical
information in a controlled and secure
environment.
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