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= Aim 3: Develop a user-friendly interface for healthcare administrators to use the predictive model.

Methods and Exploratory Data Analysis

Objectives

= Exploratory data analysis (EDA) to understand the data patterns, identify missing values, outliers, relationship between
1. To develop natural language processing (NLP) algorithms and leverage open source large language models (osLLMs) features etc. to select the most suitable model.

tallored to the Indian context to extract and transform clinical features from unstructured clinical notes into the
Observational Medical Outcomes Partnership (OMOP) Common Data Model (CDM).

2. To determine the prevalence and choice of antibiotic prescription among outpatients with febrile respiratory illness in

= Experimented with various models including Support Vector Machine (SVM), Long Short Term Memory (LSTM), Simple
Moving Average (SMA), AutoRegressive Integrated Moving Average (ARIMA), and Timesfm.

India and the US. We also performed model validation by comparing our model’'s prediction with actual demand values for a period of 15
3. To assess the impact of antibiotic choice on treatment outcomes for inpatients with carbapenem-resistant organism months.
pneumonia in India and the US. 100 100 100
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1. Bridging medication data of OMOP-CDM with the Common Drug Codes for India (CDCI), NRCeS with NLP and open
source LLMs.

= Design and development of schema to connect CDCI-NRCeS with OMOP-CDM.
= Creation of high-quality annotation data (medication) to benchmark open-source LLMs with zero-shot and parameter-efficient fine-tuning.
= Validation of the extracted medication-related information with rule-based clinical NLP.

2. Mapping medications related to the use of antibiotics with WHO AWaRe (Access, Watch, Reserve) classification.
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0 0
A. Schema to connect CDCI-NRCeS with OMOP-CDM ' ' ' | icati . L - L . L
— B. Creation of high quality annotation data (medication) Figure 1. ABC/3TC Pediatric Stock, January Figure 2. ABC/3TC Pediatric Stock, Figure 3. ABC/3TC Pediatric Stock, March
ProductMaster BrandMaster egen . .. e . , .
— — S (i) Prescription notes (ii) Medication annotation JSON format 2017 February 2017 2017
(SNOMED Indian Extension) ) (SNOMED Indian Extension) ™) | Drez gargle 5 ml in 10ml 'drug no 0" {'drug name": 'Drez gargle', 'dose": '5 ml',
Product Name Brand Name OMOP Stardard water thrice 9 day for 3 days 'dose_amounti: 1_15 rdose_changer: |_|F Ifrequency': ||_|1
“— Product Identifier Tablet Mondeslor after dinner Intake time’: -, route’: -, 'duration’: '3 dayS'}.
SupplierMaster | supptior Identiter Brand Name 5 for 5 days Tablet Calpol 650 'drug_no_1": {'drug_name": 'Tablet Mondeslor', 'dose": '-',
|dentifier » Nomenclature: mg 3 tO 4 t|m65 d day for 3 'dose_amount': '_" 'dose_change': '_l! 'frequencyi: l_!!
ENENER e TG (| Generic ldentmer | days Tablet Meftal 250 mg 'intake_time": ‘after dinner’, 'route”: *-', 'duration”: '5 days'}
1.d b d- ' SO fAr 4, — ' ' ' ' ' !
Supplier Name License Number > 2. (;:t?ver?ngr:;:ni) o0US Tor n gn grade ievel Ol 'drug_ﬂO_Z': {'drug_na me': "[ablet CE'DO'I. 'dose’: I65O % EE% EE% EZ%
Country License Status i 3?:;_?2:“& severe bod y palll mg'. ldOSE_amOUﬂtli - 'dose_chanQE': - 'frequenCY'i - G
5. drug-form | Intake time': -, route”: -, 'duration’: '3 days'}, _ _
Excipient | oo I 14 BALL e e V. 1A A o
GenericMaster drug no 3 {'drug name’ "Tablet Meftal', 'dose’. 250
dentifier SNOMED CT mg’, 'dose_amount: -, ‘dose_change’: -, frequency’: -,
(SNOMED Indian Extension) <€— SubstanceMaster (Substance) ntake time" ' 'route" '-' 'duration": _}
(SNOMED International) N Identifier | SeT1D P ' y AR AR
EESS&GE%amsian xtension (SNOMED International) L 1) (iii) Benchmark of osLLMs for medication extraction ﬁ ﬁ ﬁ
(SNOMED International) oHbetance Mame I Sl No. osLLM Precision Recall F1 Hallucinated Error rate 1*‘ 1*‘ 1*‘
Substance Identifier — CAS Number 1 GemmaZ-Qb 091 09 09 021 009 , , ,
- T OMOP Non Standard b b b
Route of Administration Substance Description ? Llama2-7b 077 077 077 0.32 022
Dase Form Molecular Weight g el « 3 Medalpaca-7b 0.8 079 079  0.71 0.2 | | | s | | | IS | | | T
SCT-Name 4 Meditron-7b 093 093 093 0. 21 0 06 0 10000 20000 40000 80000 160000 320000 640000 0 10000 20000 40000 80000 160000 320000 640000 0 10000 20000 40000 80000 160000 320000 640000
Therapeutic Role Toxicity : : : : : AL-paed consumption in Jan 15 AlL-paed consumption in Jan 16 AL-paed consumption in Jan 17
— — OMOP Standard 5 Llama-3-8b 0.93 0.91 0.92 0.18 0.08
(RxNvsm) 6 Llama-3.1-8b 0.95 0.94 0.94 0.12 0.05 | - | | o | | - |
Contra Indication InChl > RxN-ID T Mt alv0 170 093 09> 000 096 007 Figure 4. ABC/3TC Pediatric Consumption, Figure 5. ABC/3TC Pediatric Consumption, Figure 6. ABC/3TC Pediatric Consumption,
Interaction with Drugs IUPAC Narme RxN-Name 8 Mistral-v0.3-7b 0.95  0.94 0.94 0.15 0.05 January 2015 January 2016 January 2017
Classification of Drugs Molecular Formula 9 Qwen2-7b 0.95 0.93 0.93 0.18 0.06
(antibiotics) and validation using clinical NLP extraction with osLLM | B
Comparison of demand prediction for the drug ABC/3TC Pediatric Comparison of demand prediction for the drug ABC/3TC Adult
4 Extraction of Drug Names using osLLMs N ( Antibiotic Extractor Agent ) 0900 —— Prediction by current model at NACO 90° |
| ”rr - N ) 1200 bf?Q —— Actual demand bb‘g
! —— Our model's prediction
VAN hm .@_ _ ® ] QQ
F’re:.qcr:ptinn N BN Y . ) QQ9QQ i @99
ole - w ‘Q %
GSLLM Extracted k[OSLLMS]J [O”ama] ;g_ | qg- N ‘
\. — — J {Prompt Template] 5 @QQ‘Q E
" Validation of Extracted Drugs via Rule Based Approach Y| _ 'L § g > T‘éc QQQ ]
F’rescripti;lﬁ Rule Based > =) | % E S 7 Té <,>Q>Q‘ ‘ \/
R medExtractR J J % 8 9 — - 2 9°Q _ '
R vx % =~ T T
:: . Agent AB G ‘QQQ —— Prediction by current model at NACO
"-._C - J/; \B - @ qf?QQ S — Actualtdemz:/nd t t
& — <,>VQ‘ —— Our model's prediction
ST A N A NS SIS \’19. ,LQI ,lpl ,]/QI D S A ,L\,I ISR OQI 09. ’19. q,QI \WQI ,LQI ,LQI 09. 09. NI ,L\,I 0},
E. Confusion Matrix of the F. Model Performance RGN RO ST A S i A AR 4 ¢ @ @R @YY W&
onth Month
best model or t
P’E?L“‘"" :Lendg’:ﬁd Precision Recall F1 Figure 7. For ABC/3TC Pediatric: Comparison of actual demand, our Figure 8. For ABC/3TC Adult: Comparison of actual demand, our
Y g Drugvs ¢ 091 093 model’s prediction and current model at NACO model’s prediction and current model at NACO
Drug 1790 38 Non-Drug
Non-Drug 166 0 . " L} L] L} L] L] 1 L | L] L ] L] L} Li T ] Ll 1 1 Ll L] L] L |} ] L] I L}
0 200 400 600 o000 1000 1200
MAPE MAPE % Change % Change
True Drug Names Drug Name Actual Our Model NACO J J
| o o - (Actual, NACO) (Actual, Our model) (Actual, NACO) (Actual, Our model)
G. Mapping medications related to use of antibiotics with WHO AWaRe (Access, Watch, Reserve) classification ABC/3TC
3717970 8670610 8451718 4.15% 4.28% 3.05% 0.54%
7000 7000 7000 Adult
WHO AWaRe - Access 0 ) WHO AWaRe - Reserve ABC/3TC
Y 6000 25/48 antibiotics as ¢ 6000 61/110 antibiotics as L 6000 11/22 antibiotics as Pediatri 39109899 39140357 60255456 55.12% 5.90% -54.07% -0.08%
= active ingredient - 5000 active ingredient © active ingredient ediatric
Z 5000 5998 drugs as Brand I 38176 drugs as Brand S 1696 drugs as Brand
E 1000 Names (CDCI-NRCeS) 54000 Names (GDCI-NRCeS) & 4000 Names (CDCI-NRCeS) Table 1. Model prediction error comparison: MAPE is calculated for 15 months period starting from January 2020 till March 2021
o 3 3000 o - . .
2 3000 5 2 3000 Conclusion and Future Directions
c 5 2000 -
© T 2 2000 C . o
2 & 1000 £ oo Our results for ABC/3TC (both adult and pediatric) show better predictions than the current model at NACO. Specifically,
#* 0 * B for ABC/3TC pediatric, our predictions are within 0.08% while the current model over predicts by 54.07%. Our initial results
S g P — .
Q@@“ {(&Q &‘@@ Gﬁé‘ _fﬁ’ 0 N A " X e suggest that to model drug demand for different drugs, we can not use the same model for all the drugs. We plan to extend
O e N ~ N Q o . .
& & o o £ & & & & our work in following ways:
o Qﬂ, \>'§\ DQ 72 o 65‘}
Qﬂbﬂ qa. ,«‘@) QQS\ ‘FQ
& N . .
¢ & * Model development and validation for all drugs.
= User interface and design and implementation, actively incorporating feedback from potential users.
_ _ = Applying our learning methodologies to enhance HIV care in India for targeted interventions including improving patient
Future Direction retention in care, personalized follow-up schedules and adherence support.
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