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Objective -

* Explore the use of Al to automate and improve the
Clinical Finding Form (CIiFF) creation process.

* Develop an Al-assisted automated pipeline to
streamline the curation of scientific research
publications.

 Leverage Al and Natural Language Processing (NLP)
tools to efficiently search, retrieve, process, and
summarize data for CliFF development.



CliFF Versions Overview

All CliFFs will be versioned in order to archive developmental stages of the CliFF product. V5 CliFFs

will be uploaded to the Medical Database
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V1
Opening the CIiFF
Editor assigned;
condition name
standardized;
condition definition
added; evidence
editing guidance
input by ExMC.
V1 archives content
sent to CU (Batches
2,3,4) or ExMC
Editor (Batch 1)
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Primary Edit*
Literature review
initiated;
Epidemiologist and
biostatistician
inputs captured
V2 archives content
received from CU
before handing over
to ExMC Editor
(Batches 2,3,4 only)
*NOTE: v2 is

bypassed for Batch 1
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V3
Secondary Edit

ExMC Clinician edits
CliFF to correct
and/or add missing
data. Collaborates
with epi/biostat to
refine CliFF content
V3 archives content
from ExMC editor
before peer review
(Batches 1-4)
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V4
Peer Review

Second Clinician
(ExMC or SD)
reviews CIiFF, and
the original clinician
dispositions
comments.

V4 archives content
as agreed between
peer reviewer and
ExMC editor
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All v5CIIFFs uploaded as a block into the

Medical Database

REF: Exploration Medical Capability Evidence Library Methods, HRP-48036 Rev A, July 2022.
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Publish

ClIFF complete
Vb archives content
agreed between
editor and peer
reviewer, but may
have organization or
editorial changes
when compared to
v4. This is the
version uploaded to
MD
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Medical Information Mining and Processing -

- Data Acquisition: Medical texts are collected
from diverse sources, including PubMed, PMC, Text Preparation and Embeddings
and NTRS. Data Acauisit
quisition

« Semantic Chunking: The parsed text is divided s
into meaningful chunks using NLP-based
semantic sentence splitting.

« Vector Storage: Embeddings are stored in a Seorch and Retricval KJ
vector database (e.g., FAISS, Chroma DB) for
efficient similarity searching. Vector Store

« BM25 Storage: Text chunks are also indexed and
stored in a BM25 store for full text and keyword-

—> Text Parsers —>» NLP Semantic Chunking

Embeddings

Full Text Search
Chroma/FAISS

BM25

based retrieval. Reciproc?li{gla:;\k Fusion
* Reciprocal Rank Fusion: Results from the vector "

and BM25 searches are combined using _

reciprocal rank fusion to improve recall. Semantic Ranker

(Cross Encoder)

« Semantic Ranker: The combined results are
passed through a final semantic ranker to
precisely match the relevance of text to the
original queries.


Presenter Notes
Presentation Notes
Data Acquisition:
This initial step focuses on gathering medical literature from diverse online repositories.
We target platforms like PubMed (biomedical literature database), PMC (PubMed Central, a free archive of full-text articles), and NTRS (NASA Technical Reports Server).
Custom Parsing:
Raw data extracted from various sources is often not in a usable format for downstream processes.
We develop specific parsers tailored to each data source and file format. These parsers extract key elements like the abstract, title, authors, and full text.
Semantic Chunking:
Rather than processing the entire text document at once, we break it down into smaller, semantically meaningful chunks.
Natural Language Processing methods are used to identify sentence boundaries and other logical divisions within the text.
Benefit: Semantic chunking helps to preserve the context and meaning of individual ideas within the text, leading to better embedding generation.
Common NLP-based techniques for sentence splitting may include methods like dependency parsing or rule-based splitting.
Embedding Generation:
Embeddings translate textual chunks into numerical representations (vectors) that capture semantic meaning.
We leverage pre-trained language models or build custom models specialized for the medical domain. This model transforms the text into high dimensional vectors.
In the embedding space, semantically similar chunks will be located closer together.
These vector representations are used to evaluate relevance by assessing the distance between queries and our medical corpus.
Vector Storage:
Common vector databases include FAISS (Facebook AI Similarity Search) and Chroma DB.
These databases are optimized for rapid nearest-neighbor searches in high-dimensional spaces.
The database index helps to significantly speed up retrieval of the most relevant vectors, therefore relevant text.
BM25 Storage:
BM25 is a traditional information retrieval algorithm that excels in keyword-based searches.
Index Creation: The parsed text chunks are indexed in the BM25 store, enabling quick retrieval based on keyword matches.
BM25 helps to ensure that text containing specific keywords that might not be captured by semantic models are still present in the retrieved documents.
Reciprocal Rank Fusion (RRF):
RRF is a method to combine ranked lists from multiple search algorithms into a single, more robust result set.
We combine search results from the vector store (based on embeddings) and the BM25 store.
Ranking: RRF assigns higher ranks to documents that appear highly ranked in multiple lists, therefore more likely relevant to user queries.
Semantic Ranker:
A final layer that more precisely ranks results based on semantic relevance to the original query.
Instead of simply retrieving top results based on similarity or RRF, this model directly assesses the semantic relationship between the query and the retrieved text.
This could be a fine-tuned transformer model trained on query-document relevance data.
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ﬁM@L Knowledge Base Construction

* Intelligent Query Generation: Al Large Language Model (LLM) crafts specific
search queries from user instructions, targeting diverse aspects of medical
evidence.

« Semantic Search & Ranking: Semantic search identifies relevant documents,
which are then ranked based on relevance to the generated queries.

 Focused Result Set: The top k most relevant results are selected from the
search output.

* Indexed for Access: These top results are stored in an Azure Al Search index
for efficient future retrieval.


Presenter Notes
Presentation Notes
This process is designed to streamline the medical evidence research process, saving researchers significant time and resources while also improving the accuracy of results. It replaces the manual process of generating search queries with a much more accurate automated process and indexing the output for later retrieval.
AI generate detailed and long queries to enhance the semantic precision and recall.
The queries target various sections (epidemiology and statistical data, definitions, treatment, mortality, hospitalization rates, etc.)


Al Output Generation

Leveraging Azure OpenAl and Al Search
for intelligent data processing.

» Custom application and Ul enable
00 oo seamless user interaction.

« Capabilities include medical Q&A,
R . [i: information extraction, and literature
| e summarization.

= Y] svmatstor  Supports text generation, enhancing
J research and automated generation
CLIFF Generation WO rkfl OWS .

« Multi agent design for complex reasoning
and report generation
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Spaceflight Knowledge




Example Al Output

Generate Page
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Incidence of Appendicitis: Evidence Synthesis Report

Spaceflight Incidence Overview

Currently, there is limited direct data on the incidence of appendicitis during spaceflight. The primary literature available focuses on the risk assessment and potential preventive measures, such as prophylactic
surgery, to mitigate the risk’. Given the confined environment and limited medical resources, understanding and preventing appendicitis in space is critical for mission planning and astronaut safety.

Analog Literature Overview

Studies analogous to spaceflight conditions, such as those involving remote, harsh environments or deployed military personnel, provide indirect evidence that can be extrapolated. These environments share

constraints similar to those in space, such as limited immediate medical care and the need for preventive health measures?.

Terrestrial Literature Overview

Incidence data from the general population provides a baseline understanding of appendicitis rates. Population-based studies from various countries and retrospective cohort studies offer insights into the

prevalence and incidence trends over time. These data are crucial for modeling the potential risk during space missions®.

Ranked Articles and Probability Data Table

Study Citation

Ferris, 2017

de Wijkerslooth,

2020

Bass, 2023

Article Type

Systematic Review
Population-based
Cohort Study

Observational Cohort
Study

Article Publication Year or Years
Included Report

2017

2020

2023

Incidence or Prevalence Rate or
Proportion

Varies by region; e.g., 100-150 cases per

100,000 person-years

Incidence not specified; focus on burden

and outcomes

Not specified; focus on guideline adherence
and complications

Comments
Comprehensive review of global incidence
trends

Large-scale epidemiologic data from the

Netherlands

Data from ESTES SnapAppy study on acute
appendicitis

Relevant
Probability Data



DISCLAIMER: - -

The IMPACT Probabilistic Risk Assessment (PRA) tool is
under active development. All results are preliminary,
subject to change, and must not be used for mission
planning, operational decisions, or formal analysis. These
results are provided solely for feedback and discussion

purposes to support tool improvement.
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