Leveraging Language Models and a Common Data Model to Unlock Real-World

Evidence from Unstructured Electronic Health Record Data in India
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AIMS AND OBJECTIVES 3A. Extraction of clinical terms using open-source Large Language Models (osLLMs)
This proje;t aims to analyse antibiotic prescriptio'n patternsin India for outpatient febrile respiratory illnesses A __________ - \) The clinical term
by leveraging classical Natural Lahguage Processing (NLP) technigues and Oopen-source Large Language Mod— 5” I (o o — { } extraction pipeline
els (osLLMs) to extract, standardise and structure data from unstructured clinical notes to the Observational 5 Ction & e afidation using uses two-shot
dical Outcomes Partnership (OMOP) Common Data Model (CDM) rescription : | Pydantic S
Medica P ' Clinical notes |—— (0sLLMs| (ollama ] —> — - | || prompting with
| | - (Basic & SOAP) = ) é Extracted osLLMs, followed by

1. To develop a comprehensive and standardised drug knowledge base of medication terms relevant to the = N y Clinical Terms validatio,n throudah

Indian healthcare context. (Drugs/ . J

| | | o | [ Prompt Template J _ Conditions) Pydantic.

2. To design and implement NLP, osLLM-based algorithms & data pipelines to extract, normalise and map . y

clinical entities from unstructured clinical notes to OMOP CDM.

3B. Pairwise LLM set intersection heatmap of 3C. WordCloud of extracted drug terms for
METHODS AND RESULTS extracted drug terms . .crsection count) Basic & SOAP prescription notes
m ™ ™ m m ™M m

1. Active Pharmaceutical Ingredients (APIs) from 1mg.com were extracted and mapped to OMOP Standard | s

Concepts using OHDSI standardised vocabularies. Extracted API OMOP concepts were linked to NRCeS Basic notes s 3 £ =2 8 .

CDCI (June 2025) and FDA GSRS UNII (July 2025) datasets via RxCUI and other identifiers. SOAP notes R % Z; ; g
2. Antibiotics were classified by mapping the WHO AWaRe APIs to OMOP concepts and assigning AWaRe 5 5 X : & 2

categories to extracted APIs and brand drug names. |

5.4k 5.6k 4.6k 5.7k 5.2k gemma3:12b
3. Clinical terms were extracted from Basic & SOAP notes using NLP and osLLMs; analysed pairwise term & 435
granite3.3:8b PAWAEEELY 5.0k 4.3k 5.6k 5.2k gemma3n:edb

algorithm overlaps, and compared prompt-engineering vs. parameter-efficient fine-tuned osLLMSs for
drug-name extraction from clinical prescription notes.
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1§| Qﬁ 82 || Dicyclomine + Magaldrate _ Dicyclomine | Magaldrate | | |“Magaldrate combinations are 4.05 ’
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