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PART A: THE RESEARCH PAPER

1. Abstract:

Background: An�microbial Resistance (AMR) represents one of the most cri�cal and complex public health 

challenges of the 21st century. The World Health Organiza�on (WHO) has classi8ed AMR as a global health  

priority, with projec�ons indica�ng that drug-resistant infec�ons could account for 10 million deaths annually 

by 2050 if no decisive ac�on is undertaken (WHO, 2023). The convergence of irra�onal an�bio�c prescribing 

behaviours, declining pharmaceu�cal innova�on pipelines, substandard drug formula�ons, and insu<cient 

global surveillance infrastructure has compounded this crisis to an existen�al level for modern medicine. 

Tradi�onal  surveillance  mechanisms  are  fragmented,  geographically  inconsistent,  and  o=en  delayed, 

rendering them insu<cient for real-�me AMR monitoring and response.

Objec�ve: This study aims to inves�gate how Ar�8cial Intelligence (AI) can be leveraged as a mul�-dimensional 

surveillance and interven�on tool to combat AMR. Speci8cally, the research seeks to (a) examine how AI-

powered prescriber behavior analy�cs can reduce inappropriate an�bio�c use, (b) assess the rela�onship 

between drug formula�on stability and resistance emergence, (c) evaluate AI-driven combina�on therapy 

op�miza�on for resistant pathogens, and (d) explore computa�onal repurposing of exis�ng non-an�microbial 

compounds for AMR management.

Methodology: A Mixed-Methods Research Design has been proposed, integra�ng quan�ta�ve approaches 

such as mul�variate regression and predic�ve modelling with qualita�ve methods including thema�c analysis 

of  healthcare  professional  (HCP)  interviews.  Secondary  data  will  be  sourced  from  globally  recognised 

repositories including the WHO Global An�microbial Resistance and Use Surveillance System (GLASS), the 

Center for Disease Dynamics, Economics & Policy (CDDEP), and PubChem compound databases. Primary data 

collec�on will target a purposively sampled cohort of 250 HCPs across ter�ary and community healthcare 

seDngs.

Prac�cal Implica�ons: The research underpins the design of the AMR-Genius Intelligence Hub, a proposed AI-

powered  digital  surveillance  plaEorm  integra�ng  four  ShinyApp  modules  —  HCP  Ac�on  Intelligence, 

Formula�on Stability Analy�cs, Combina�on Therapy Op�mizer, and Compound Repurposing Engine. The 

study  oGers  strategic,  opera�onal,  and  8nancial  recommenda�ons  for  pharmaceu�cal  management 

professionals naviga�ng the intersec�on of digital health, an�microbial stewardship, and health economics.
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2. Introduc
on: -

2.1 Problem Statement:

An�microbial Resistance occurs when bacteria, viruses, fungi, and parasites evolve mechanisms to resist the 

drugs designed to eliminate them, rendering standard treatments ineGec�ve and infec�ons progressively  

harder to control (Laxminarayan et al., 2013). The global burden is staggering: the WHO es�mates that in 2019 

alone, bacterial AMR was directly responsible for 1.27 million deaths globally, with aIributable mortality rising 

sharply across low- and middle-income countries (Murray et al., 2022). The economic rami8ca�ons are equally 

alarming; the World Bank projects that AMR could reduce global GDP by up to 3.8% by 2050, with healthcare 

costs escala�ng by hundreds of billions of dollars annually (World Bank, 2017).

Several interconnected drivers perpetuate the AMR crisis. First, the over-prescrip�on and misuse of an�bio�cs 

by  healthcare  professionals  (HCPs)  —  driven  by  diagnos�c  uncertainty,  pa�ent  demand,  and  systemic 

incen�ve structures  — remain among the most  preventable  causes  of  resistance development.  Studies 

indicate that 30–50% of an�bio�c prescrip�ons in hospital seDngs are either unnecessary or inappropriate 

(Centers for Disease Control and Preven�on [CDC], 2022). Second, poor-quality an�microbial formula�ons — 

characterised by subtherapeu�c drug concentra�ons due to manufacturing de8ciencies, improper storage, or 

counterfeit  produc�on — expose  bacterial  popula�ons  to  non-lethal  an�bio�c  concentra�ons,  crea�ng 

op�mal condi�ons for resistance selec�on (Almuzaini et al., 2013). Third, the pharmaceu�cal industry has  

largely retreated from an�bio�c R&D due to unfavourable return-on-investment pro8les, compounding the 

scarcity  of  novel  treatment  op�ons.  Fourth,  exis�ng surveillance systems lack  the granularity,  real-�me 

responsiveness, and predic�ve capabili�es needed to guide policy interven�ons proac�vely.

2.2 Ra
onale for AI Integra
on:

Ar�8cial Intelligence, par�cularly machine learning (ML), deep learning (DL), and natural language processing 

(NLP), has emerged as a transforma�ve force in healthcare analy�cs and drug discovery. In the context of  

AMR, AI oGers unique capabili�es: the ability to process vast, heterogeneous datasets from clinical, genomic, 

environmental, and pharmacological sources; iden�fy non-linear paIerns predic�ve of resistance emergence; 

op�mise  drug  combina�ons  for  synergis�c  therapeu�c  eGect;  and  screen  large  chemical  libraries  for  

repurposable  an�microbial  compounds  —  all  at  a  speed  and  scale  unachievable  through  conven�onal 

methods (Stokes et al., 2020).

The ra�onale for this study is grounded in a cri�cal management observa�on: despite the availability of  

powerful  AI  tools  and rich  surveillance  databases  (WHO GLASS,  CDDEP,  NCBI  GenBank,  PubChem),  the 

pharmaceu�cal management sector has been slow to integrate these capabili�es into cohesive, deployable 

surveillance plaEorms. This research, therefore, bridges the gap between technological poten�al and strategic 

implementa�on,  with  direct  implica�ons  for  pharmaceu�cal  companies,  regulatory  agencies,  hospital 

stewardship programmes, and global health policymakers.
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2.3 Scope and Structure:

This  study  focuses  on  AI  applica�ons  across  four  strategic  domains  relevant  to  AMR management:  (1)  

prescriber behaviour analy�cs through the HCP Ac�on Intelligence module, (2)  drug quality surveillance 

through the Formula�on Stability module, (3) therapeu�c op�misa�on through the Combina�on Therapy 

module, and (4) compound repurposing through the AI Repurposing module. The paper is structured to  

provide a literature review establishing the academic founda�on, a detailed mixed-methods methodology, 

and managerial implica�ons for pharmaceu�cal professionals. Part B extends the research into the design of 

the AMR-Genius Intelligence Hub digital plaEorm.

3. Literature Review: -

3.1 AI in AMR Surveillance: Global Landscape:

The academic discourse on AI in AMR surveillance has grown substan�ally over the past decade, reQec�ng  

both the urgency of the resistance crisis and the matura�on of machine learning methodologies applicable to 

clinical and genomic data. Founda�onal work by Stokes et al. (2020), published in Cell, demonstrated that a 

deep learning model could iden�fy halicin — a structurally novel an�bio�c compound — from a chemical  

library  of  over  100  million  molecules  with  demonstrated  e<cacy  against  extensively  drug-resistant 

Mycobacterium tuberculosis and pan-resistant Acinetobacter baumannii. This landmark study validated the 

capacity of AI not merely to analyse resistance paIerns but to ac�vely contribute to an�microbial discovery, 

reframing AI's role from a passive surveillance tool to an ac�ve therapeu�c innovator.

Subsequent research by Melo et al. (2021) applied Random Forest and Gradient Boos�ng algorithms to predict 

an�microbial  suscep�bility  pro8les  from  whole-genome  sequencing  (WGS)  data  with  accuracy  rates 

exceeding 95% for organisms such as Klebsiella pneumoniae and Escherichia coli. The implica�ons for clinical  

microbiology are profound: AI-driven suscep�bility predic�on from genomic data could replace or supplement 

phenotypic  culture-based methods  that  typically  require  48–72 hours,  enabling  rapid  targeted therapy.  

Complemen�ng this, Liu et al. (2020) demonstrated that NLP applied to electronic health records (EHRs) could 

iden�fy inappropriate an�bio�c prescrip�ons with a sensi�vity of 87%, sugges�ng signi8cant poten�al for AI-

enabled an�microbial stewardship programmes.

3.2 HCP Prescriber Behaviour and AI:

The prescriber behaviour domain has aIracted considerable research aIen�on, given that inappropriate 

prescribing remains the most modi8able driver of AMR. Gerber et al. (2014) demonstrated in a randomised  

controlled  trial  that  prescriber  performance  feedback  mechanisms  signi8cantly  reduced  inappropriate 

an�bio�c prescribing in outpa�ent paediatric seDngs, establishing the behavioural recep�veness of HCPs to  

data-driven interven�ons. Building on this, Meeker et al. (2016) showed through a cluster-randomised trial  

that a combina�on of accountable jus�8ca�on, peer comparison, and suggested alterna�ves — all amenable 
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to AI-driven implementa�on — reduced inappropriate an�bio�c prescribing by 33% in ambulatory care 

seDngs.

More recent studies by PeiGer-Smadja et  al.  (2020) have explored AI-powered clinical  decision support  

systems  (CDSS)  speci8cally  designed  for  an�bio�c  selec�on,  8nding  that  while  technical  e<cacy  is  

demonstrable, adop�on barriers — including clinician trust, workQow integra�on fric�on, and concerns about 

algorithmic transparency — represent signi8cant implementa�on challenges. These 8ndings underscore the 

importance of not merely developing AI models but embedding them within organisa�onal and behavioural 

change frameworks — a management challenge as much as a technological one.

3.3 Drug Formula
on Quality and Resistance:

The rela�onship between substandard an�microbial formula�ons and AMR is mechanis�cally well-established 

but  opera�onally  underexplored  in  the  AI  surveillance  literature.  Almuzaini  et  al.  (2013)  conducted  a 

systema�c review demonstra�ng that substandard and falsi8ed medicines — es�mated to cons�tute 10.5% 

of  medicines  in  low-  and  middle-income  countries  —  frequently  contain  sub-therapeu�c  an�bio�c  

concentra�ons.  Exposure  to  subtherapeu�c  concentra�ons  allows  bacterial  popula�ons  to  persist  and 

develop  resistance  through  natural  selec�on,  eGec�vely  accelera�ng  the  muta�on-selec�on  cycle  for 

resistance genes.

Temple et al. (2021) proposed a predic�ve AI framework integra�ng supply chain temperature monitoring  

data, storage condi�on logs, and dissolu�on tes�ng results to forecast formula�on degrada�on and Qag at-

risk drug batches before distribu�on. While promising, this framework has not been applied at scale within  

an integrated AMR surveillance context — a gap this research explicitly addresses through the Formula�on  

Stability ShinyApp module.

3.4 AI in Combina
on Therapy Op
misa
on:

Combina�on an�bio�c therapy — the use of two or more an�microbial agents simultaneously to achieve  

synergis�c killing eGects or prevent resistance emergence — has become increasingly cri�cal as monotherapy 

op�ons diminish. The challenge lies in the combinatorial explosion of possible drug pairings: for a panel of 20 

an�bio�cs,  there  are  190  pairwise  combina�ons  and  1,140  triple  combina�ons,  rendering  exhaus�ve 

experimental screening imprac�cal. AI has emerged as an essen�al tool for naviga�ng this combinatorial  

space.

Menden et al.  (2019) developed a neural network model to predict synergis�c drug combina�ons from 

pharmacological  and  genomic  features,  achieving  a  Pearson  correla�on  of  0.73  with  experimental 

observa�ons across cancer cell lines — a methodology directly transferable to an�microbial applica�ons. 

Baym et al. (2016) demonstrated through experimental evolu�on studies that certain drug combina�ons 

impose  evolu�onary  constraints  that  severely  limit  the  pathways  available  for  resistance  development, 
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sugges�ng that  AI-op�mised combina�ons  could  be  designed not  just  for  e<cacy  but  for  evolu�onary  

robustness.

3.5 AI-Driven Drug Repurposing for AMR:

Drug repurposing — iden�fying new therapeu�c applica�ons for exis�ng approved compounds — oGers a 

strategically  aIrac�ve  route  to  expanding  the  an�microbial  armamentarium at  reduced developmental  

�melines and costs.  The FDA approval  process for  a  repurposed compound is  generally  faster  and less 

expensive than de novo drug development, with exis�ng safety pro8les reducing preclinical burden. AI has  

drama�cally  accelerated  repurposing  pipelines  through  network  pharmacology,  molecular  docking 

simula�on, and knowledge graph approaches.

Mikai�s  et  al.  (2022)  demonstrated that  graph neural  network  (GNN) models  applied to  protein-ligand 

interac�on databases could iden�fy 14 non-an�bio�c compounds with signi8cant an�bacterial ac�vity against 

methicillin-resistant Staphylococcus aureus (MRSA). Signi8cantly, several iden�8ed compounds — including 

an exis�ng an�depressant and an an�fungal agent — demonstrated synergis�c eGects when combined with 

conven�onal  an�bio�cs  at  sub-minimum inhibitory  concentra�ons,  sugges�ng mul�pronged therapeu�c 

poten�al.

3.6 Research Gap:

Despite the robust body of evidence suppor�ng AI's poten�al in individual AMR-related domains, a cri�cal 

gap exists in the literature: there is no integrated, commercially deployable AI surveillance plaEorm that 

uni8es prescriber behaviour analy�cs, formula�on quality surveillance, combina�on therapy op�misa�on, 

and drug repurposing within a single management-accessible interface. Exis�ng plaEorms tend to be domain-

speci8c,  technically  siloed,  and  inaccessible  to  pharmaceu�cal  management  decision-makers  who  lack 

advanced  computa�onal  exper�se.  Furthermore,  no  published  study  has  systema�cally  assessed  the 

managerial  feasibility,  revenue  model  viability,  and  opera�onal  integra�on  requirements  of  such  an 

integrated plaEorm — the precise gap this research addresses.

4. Research Methodology: -

4.1 Research Philosophy and Paradigm:

This study adopts a Pragma�st research philosophy,  which acknowledges that the selec�on of research  

methods should be guided by the prac�cal impera�ves of the research ques�on rather than adherence to a  

single ontological or epistemological tradi�on (Creswell & Plano Clark, 2018). Given the mul�-faceted nature 

of  AI-driven  AMR  surveillance  —  encompassing  quan�ta�ve  epidemiological  data,  qualita�ve  HCP 

experiences,  and  computa�onal  modelling  outputs  —  pragma�sm  provides  the  most  appropriate 

philosophical founda�on for a study requiring methodological pluralism.
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4.2 Research Design: Mixed-Methods Approach:

A Sequen�al Explanatory Mixed-Methods Design is proposed, proceeding in two dis�nct phases. In Phase 1 

(Quan�ta�ve), large-scale secondary data analysis and regression modelling will be conducted to establish  

epidemiological and pharmacological baseline paIerns. In Phase 2 (Qualita�ve), thema�c analysis of semi-

structured interviews with HCPs will contextualise and explain the quan�ta�ve 8ndings, par�cularly regarding 

prescriber behaviour and barriers to AI-enabled stewardship adop�on. The integra�on of quan�ta�ve and 

qualita�ve  strands  occurs  at  the  interpreta�on  stage,  where  convergent  themes  are  synthesised  into 

ac�onable managerial recommenda�ons.

4.3 Data Sources: Secondary Databases:

The selec�on of secondary data sources has been guided by  emphasis on feasibility and data  

availability. The following globally recognised, publicly accessible databases will form the quan�ta�ve data 

founda�on:

Database Relevance to Study Access Mode ShinyApp Module

WHO GLASS Portal 

(glass.who.int)

Na�onal-level AMR prevalence, 

an�bio�c consump�on data, 

resistance trends by pathogen-

drug combina�on

Publicly 

accessible; 

downloadable 

datasets

HCP Ac�on 

Intelligence, 

Formula�on 

Stability

CDDEP ResistanceMap 

(resistancemap.org)

Country-level resistance rates, 

an�bio�c use metrics, interac�ve 

surveillance data

Publicly 

accessible; API-

supported

HCP Ac�on 

Intelligence, 

Combina�on 

Therapy

NCBI GenBank / Pathogen 

Portal

Whole-genome sequencing data 

for resistant isolates; genomic 

resistance determinants

Publicly accessible Combina�on 

Therapy, 

Repurposing

PubChem Compound Database 

(NIH)

Chemical structures, bioac�vity 

data, known pharmacological 

proper�es for repurposing 

candidates

Publicly 

accessible; RESTful 

API

Repurposing 

Module

EUCAST / CLSI MIC Databases Minimum Inhibitory 

Concentra�on (MIC) breakpoints; 

suscep�bility tes�ng standards

Publicly accessible Combina�on 

Therapy

FDA Adverse Event Repor�ng 

System (FAERS)

Post-market drug safety data; 

formula�on quality signals

Publicly accessible Formula�on 

Stability

India's ICMR AMR Surveillance 

Network

Geographically relevant na�onal 

resistance data for Indian 

Publicly accessible 

reports

All modules

the course's
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Database Relevance to Study Access Mode ShinyApp Module

healthcare context

4.4 Primary Data Collec
on: -

4.4.1 Target Popula
on and Sampling Strategy:

The  primary  data  collec�on  phase  targets  Healthcare  Professionals  (HCPs)  involved  in  an�microbial 

prescribing and dispensing decisions. The target popula�on is stra�8ed into three sub-groups: (a) Hospital  

Physicians and Intensivists at ter�ary care centres, (b) Community General Prac��oners and Primary Care  

Physicians, and (c) Clinical Pharmacists and An�microbial Stewardship O<cers. A Purposive Sampling strategy 

will  be  employed for  qualita�ve interviews,  selec�ng par�cipants  based on  their  direct  involvement  in 

an�bio�c prescribing, their ins�tu�on type, and geographic diversity across urban and semi-urban seDngs in 

India.

For the quan�ta�ve survey component, a Stra�8ed Random Sampling methodology will be applied. The total 

target sample size is N = 250 HCPs, distributed as follows: 100 hospital-based physicians (Stratum 1), 100  

community prac��oners (Stratum 2), and 50 clinical pharmacists and stewardship o<cers (Stratum 3). The 

sample size determina�on is based on a con8dence level of 95%, a margin of error of ±5%, and an assumed  

popula�on propor�on of 0.50 (maximising required sample size under uncertainty), yielding a minimum n =  

196; the target of 250 provides a 27.6% buGer for non-response aIri�on.

For qualita�ve depth interviews, a purposive sample of 20–25 HCPs will be drawn from the quan�ta�ve pool, 

selected to ensure maximum varia�on sampling across specialty, geographic seDng, years of experience, and 

ins�tu�onal a<lia�on. Data satura�on — the point at which no new thema�c insights emerge from addi�onal 

interviews  —  will  serve  as  the  terminal  criterion  for  qualita�ve  sampling,  consistent  with  established 

qualita�ve research prac�ce (Guest et al., 2006).

4.4.2 Instrumenta
on:

A structured self-administered ques�onnaire will serve as the primary quan�ta�ve instrument, incorpora�ng: 

(a) a validated 20-item An�bio�c Prescribing Knowledge and Behaviour Scale adapted from Dyar et al. (2019); 

(b) a 5-point Likert-scale sec�on assessing HCP aDtudes toward AI-assisted clinical  decision support;  (c) 

demographic and prac�ce-context variables including specialty, prac�ce seDng, years of experience, and 

an�bio�c prescrip�on volume. The instrument will be piloted with 15 HCPs to assess face validity and internal 

consistency (target Cronbach's alpha ≥ 0.70).

Semi-structured interview guides will be developed for the qualita�ve phase, exploring themes of prescribing 

decision processes, percep�ons of AMR severity, experience with an�microbial stewardship programmes, and 
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recep�veness to AI-driven interven�ons. Interviews will be conducted either in-person or via secure video  

conferencing plaEorms, audio-recorded with par�cipant consent, and transcribed verba�m.

4.5 Quan
ta
ve Data Analysis Plan:

4.5.1 Mul
variate Regression Analysis-

The primary quan�ta�ve analy�cal tool will be Mul�variate Linear Regression (MLR), u�lising AMR prevalence 

rates (expressed as the percentage of tested isolates demonstra�ng resistance to a given drug-pathogen 

combina�on, sourced from WHO GLASS) as the dependent variable. Independent predictor variables will  

include:  an�bio�c consump�on rates  (de8ned daily  doses per  1,000 inhabitants  per  day,  from CDDEP), 

prescriber adherence scores (derived from the quan�ta�ve survey), drug quality indices (proxy-measured 

through FAERS and available pharmacovigilance data), and healthcare infrastructure variables (hospital bed 

density, WHO healthcare access index).

Binary Logis�c Regression will addi�onally be employed to predict the probability of HCP adop�on of AI-

powered CDSS tools (binary outcome: adopt / not adopt), with predictors including digital health literacy  

scores, ins�tu�onal support levels, prior CDSS experience, and professional specialty. All regression models 

will  be  subjected  to  diagnos�c  checks  for  mul�collinearity  (Variance  InQa�on  Factor,  VIF  <  5), 

homoscedas�city (Breusch-Pagan test), and normality of residuals. Sta�s�cal analyses will be conducted using 

R (version 4.3.0) and Python (scikit-learn, statsmodels), ensuring reproducibility.

4.5.2 Machine Learning Modelling-

Complemen�ng classical regression, a Random Forest classi8er will be trained on the WHO GLASS dataset to  

iden�fy the top-ranking country-level and ins�tu�onal-level predictors of high AMR prevalence, enabling 

feature importance ranking that informs the HCP Ac�on Intelligence and Formula�on Stability ShinyApp 

modules. Cross-valida�on (10-fold) will be used to assess model generalizability, with model performance 

evaluated by AUC-ROC, precision, recall, and F1-score.

4.6 Qualita
ve Data Analysis Plan:

Qualita�ve interview transcripts will be analyzed using Thema�c Analysis following the six-phase framework 

established by Braun and Clarke (2006): (1) data familiariza�on, (2) ini�al code genera�on, (3) theme search,  

(4) theme review, (5) theme de8ni�on and naming, and (6) report produc�on. A Construc�vist epistemological 

lens will guide interpreta�on, acknowledging that HCP perspec�ves on prescribing behavior and AI adop�on 

are shaped by professional socializa�on, ins�tu�onal culture, and experien�al knowledge.

NVivo 14 so=ware will be used to manage and systema�cally code qualita�ve data. Inter-rater reliability will  

be established by having 20% of transcripts independently coded by a second researcher, with Cohen's Kappa 

coe<cient targeted at ≥ 0.70 to ensure coding consistency. Member checking — sharing summary 8ndings  
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with a sub-sample of interviewees to validate interpre�ve accuracy — will further strengthen qualita�ve 

trustworthiness (Lincoln & Guba, 1985).

4.7 Ethical Considera
ons:

All primary data collec�on will be conducted in full compliance with the Indian Council of Medical Research  

(ICMR) Na�onal Ethical Guidelines for Biomedical and Health Research (2017). Informed wriIen consent will 

be  obtained from all  par�cipants  prior  to  data  collec�on.  Anonymisa�on protocols  will  ensure that  no  

individual HCP or ins�tu�on is iden�8able in research outputs. Data will be stored on encrypted, password-

protected  servers  with  access  restricted  to  the  research  team.  The  study  will  seek  ins�tu�onal  ethics 

commiIee approval prior to commencement of primary data collec�on.

4.8 Limita
ons:

Several  limita�ons must be acknowledged. Self-report bias in the HCP ques�onnaire may lead to social  

desirability eGects, with respondents poten�ally over-repor�ng guideline-concordant prescribing behaviour. 

The cross-sec�onal  nature of  the quan�ta�ve phase precludes  causal  inference,  limi�ng conclusions  to 

associa�ve rela�onships. Secondary database quality is con�ngent on the completeness and consistency of  

na�onal  repor�ng  to  WHO  GLASS,  which  varies  signi8cantly  across  countries.  These  limita�ons  will  be 

mi�gated through triangula�on across data sources, transparent repor�ng, and cau�ous interpreta�on of 

causal language.

5. Managerial Implica
ons: -

5.1 Strategic Recommenda
ons:

The 8ndings of this research carry signi8cant strategic implica�ons for pharmaceu�cal companies, hospital  

systems,  and  public  health  agencies  opera�ng  within  the  AMR  landscape.  At  the  strategic  level, 

pharmaceu�cal management professionals should reframe AI-powered AMR surveillance not as a cost center 

but as a core compe��ve diGeren�ator and long-term value crea�on lever. Companies that invest early in AI-

driven  surveillance  infrastructure  — par�cularly  plaEorms  integra�ng  prescriber  behavior  analy�cs  and 

compound repurposing capabili�es — will be beIer posi�oned to an�cipate resistance trends, guide pipeline 

priori�za�on,  and  establish  credibility  with  regulatory  bodies  increasingly  demanding  evidence-based 

an�microbial stewardship commitments.

From a  porEolio  management  perspec�ve,  the  drug  repurposing  strand  of  this  research  highlights  the 

strategic value of mining exis�ng compound libraries rather than relying exclusively on de novo an�bio�c  

development.  Given development  �melines  of  10–15 years  and costs  exceeding  USD 1  billion  for  new 

an�bio�c  approvals,  AI-accelerated  repurposing  can  deliver  a  60–70%  reduc�on  in  �me-to-market  for 



RM A1 Assignment | MBA Pharmaceu�cal Management | IIHMR University, Jaipur

AI for An�microbial Resistance (AMR) Surveillance Page 13

repurposed  an�microbial  candidates,  represen�ng  an  aIrac�ve  strategic  op�on  for  pharmaceu�cal 

companies constrained by R&D budget pressures (Pushpakom et al., 2019).

5.2 Opera
onal Recommenda
ons:

Opera�onally, healthcare ins�tu�ons should priori�ze the embedding of AI-powered clinical decision support 

tools within exis�ng Electronic Medical Record (EMR) systems to minimize workQow disrup�on — a primary  

adop�on barrier  iden�8ed in the literature.  The HCP Ac�on Intelligence module,  speci8cally,  should be  

implemented as a real-�me prescribing alert and peer-comparison feedback system, delivered through the 

HCP's exis�ng prescribing interface rather than as a standalone applica�on. Evidence from Meeker et al.  

(2016) strongly supports the e<cacy of peer benchmarking approaches in reducing inappropriate prescribing, 

and AI makes dynamic, personalised benchmarking opera�onally feasible at scale.

Quality assurance teams within pharmaceu�cal manufacturers should integrate the Formula�on Stability 

module's predic�ve analy�cs into cold chain monitoring workQows, enabling proac�ve batch recall decisions 

before substandard products reach end-users. This has both pa�ent safety implica�ons and signi8cant AMR 

risk-reduc�on  value,  as  demonstrated  by  the  mechanis�c  evidence  linking  subtherapeu�c  drug 

concentra�ons to resistance selec�on.

5.3 Financial Recommenda
ons:

From  a  health-economic  perspec�ve,  investment  in  AI-driven  AMR  surveillance  represents  a  strongly  

favourable cost-bene8t pro8le. The CDC es�mates that healthcare-associated infec�ons (HAIs) caused by  

resistant organisms impose a direct economic burden of USD 35 billion annually in the United States alone 

(CDC, 2022). Modelling by Laxminarayan et al. (2016) suggests that a 30% reduc�on in inappropriate an�bio�c 

prescribing — achievable through AI-enabled stewardship as indicated by exis�ng interven�on evidence — 

could prevent between 37,000 and 99,000 AMR-related deaths annually in low- and middle-income countries, 

represen�ng avoided produc�vity losses of USD 3–8 billion.

For pharmaceu�cal companies considering investment in the AMR-Genius Intelligence Hub plaEorm (detailed 

in Part B), a SaaS-based revenue model with �ered hospital and government licensing fees is recommended, 

with  addi�onal  revenue  streams  from  anonymised  data  analy�cs  services  and  pharmaceu�cal  R&D 

partnerships. A break-even analysis presented in Part B indicates 8nancial viability within 24–36 months of  

deployment at scale, assuming 40–60 ins�tu�onal subscribers at a mid-�er pricing of USD 15,000–25,000 per 

annum.
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PART B: APPLICATION / DIGITAL SOLUTION

7. Applica
on Overview: AMR-Genius Intelligence Hub

7.1 Concept and Vision

The AMR-Genius Intelligence Hub is a proposed cloud-based, AI-powered surveillance and decision-support  

plaEorm designed to unify four cri�cal domains of AMR management within a single, management-accessible 

interface.  The  plaEorm's  core  value  proposi�on  is  the  democra�sa�on  of  advanced  AMR  intelligence:  

transla�ng complex genomic, pharmacological, and epidemiological data streams into ac�onable, real-�me 

insights for pharmaceu�cal professionals, hospital stewardship teams, and public health policymakers — 

without requiring end-users to possess computa�onal exper�se.

The plaEorm integrates the four ShinyApp analy�cal modules described throughout Part A — HCP Ac�on 

Intelligence, Formula�on Stability Analy�cs, Combina�on Therapy Op�mizer, and Compound Repurposing 

Engine — within a uni8ed dashboard ecosystem. Each module is designed as a semi-autonomous analy�cal 

engine  that  can  operate  independently  or  share  data  with  adjacent  modules,  crea�ng  a  networked 

intelligence system where, for example, a prescribing behaviour insight from the HCP Ac�on Intelligence  

module can automa�cally trigger a formula�on quality alert in the Formula�on Stability module for the same 

an�bio�c class.

7.2 Pla<orm Architecture Overview

The AMR-Genius Intelligence Hub operates on a three-�er architecture: (1) a Data Inges�on and Processing  

Layer that con�nuously pulls from WHO GLASS, CDDEP, NCBI, PubChem, and connected ins�tu�onal EHR 

systems via standardised HL7 FHIR APIs;  (2)  an AI  Analy�cs Engine Layer comprising the four ShinyApp 

modules  powered by  cloud-deployed  ML models  (hosted  on AWS SageMaker  or  Azure  ML);  and (3)  a  

Dashboard and Repor�ng Interface Layer providing role-speci8c visualisa�ons, alerts, and exportable reports 

through a responsive web applica�on. The plaEorm is designed to comply with HIPAA, GDPR, and India's  

Personal Data Protec�on Act requirements.

8. Business Problem & Value Proposi
on

8.1 De�ning the Business Problem

The core business problem addressed by AMR-Genius Intelligence Hub is the fragmenta�on and inaccessibility 

of  AMR-cri�cal  informa�on in current pharmaceu�cal  management prac�ce.  Pharmaceu�cal  companies, 

hospital systems, and public health agencies each generate and consume substan�al AMR-relevant data — 

prescribing records, resistance surveillance results, drug quality reports, compound ac�vity data — but these 
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data streams are siloed across incompa�ble systems, accessible only to specialised bioinforma�cians and 

epidemiologists, and rarely synthesised into management-ready decision support. This fragmenta�on creates 

costly  delays  in  stewardship  response,  inhibits  evidence-based  policy  formula�on,  and  squanders  the 

commercial and public health poten�al of exis�ng data assets.

8.2 Target Users

User Segment Role in AMR 

Management

Primary Module 

Usage

Decision Supported

Hospital CMOs & 

An�microbial Stewardship 

O<cers

Ins�tu�onal prescribing 

governance, policy

HCP Ac�on 

Intelligence

Prescribing protocol 

updates, HCP feedback

Clinical Pharmacists Drug selec�on, dosage 

op�misa�on

Combina�on Therapy 

Op�mizer

Synergis�c combina�on 

selec�on

Pharmaceu�cal QA / 

Regulatory AGairs Managers

Drug quality 

compliance, batch 

release

Formula�on Stability 

Analy�cs

Proac�ve batch recall, 

distribu�on decisions

Pharma R&D Pipeline 

Managers

Drug discovery 

strategy, porEolio 

planning

Repurposing Engine Compound priori�sa�on 

for AMR indica�on

Na�onal Public Health 

O<cials (e.g. ICMR)

Na�onal AMR 

surveillance, policy 

formula�on

All modules 

(aggregate view)

AMR containment 

strategies, resource 

alloca�on

8.3 Unique Selling Proposi
on (USP)

The AMR-Genius Intelligence Hub diGeren�ates itself from exis�ng AMR surveillance tools through three core 

USP pillars. First, Integra�on Breadth: it is the only plaEorm combining prescriber behaviour, formula�on 

quality, combina�on therapy, and repurposing intelligence within a single interface — elimina�ng the need 

for mul�ple specialised tools. Second, Management Accessibility: AI insights are translated into plain-language 

alerts, tra<c-light risk ra�ngs, and exportable PDF reports, making advanced analy�cs accessible to C-suite  

pharmaceu�cal managers without bioinforma�cs training. Third, Real-Time Responsiveness: con�nuous data 

inges�on  and  automated  model  re-training  ensure  that  resistance  trend  predic�ons  and  drug 

recommenda�ons remain current, addressing the cri�cal latency problem of tradi�onal surveillance.

9. Features & Func
onali
es
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Feature / 

Module

Descrip
on Underlying AI 

Technology

Business Value ShinyApp Source

HCP Ac�on 

Intelligence 

Module

Real-�me tracking and 

analysis of an�bio�c 

prescribing paIerns by 

individual HCPs, 

departments, and 

ins�tu�ons. Generates 

peer-comparison 

benchmarking reports, 

Qags outlier prescribers, 

and delivers personalised 

stewardship nudges 

integrated with EMR 

systems.

NLP on EHR data; 

Gradient 

Boos�ng 

classi8ers for 

inappropriate 

prescrip�on 

predic�on; Peer-

comparison 

algorithm

Targets the most 

modi8able AMR 

driver. Evidence 

indicates 33% 

reduc�on in 

inappropriate 

prescrip�ons 

through peer 

feedback (Meeker 

et al., 2016). 

Reduces AMR-

related liability for 

ins�tu�ons.

HCP Ac�on 

Intelligence 

ShinyApp

Formula�on 

Stability 

Analy�cs 

Module

Predic�ve monitoring of 

drug quality across supply 

chains. Ingests 

temperature logs, storage 

condi�on data, batch test 

results, and 

pharmacovigilance signals 

to forecast degrada�on 

risk. Issues pre-emp�ve 

alerts for at-risk batches.

Time-series ML 

models (LSTM 

neural 

networks); 

Anomaly 

detec�on 

algorithms; 

Supply chain 

graph analy�cs

Prevents 

subtherapeu�c 

an�bio�c 

distribu�on — a 

mechanis�c driver 

of resistance. 

Reduces regulatory 

non-compliance 

risk; enables 

proac�ve recall 

management.

Formula�on 

Stability ShinyApp

Combina�on 

Therapy 

Op�mizer

AI engine for iden�fying 

synergis�c drug 

combina�ons against 

speci8c resistant 

pathogens. Takes 

pathogen iden�ty (from 

clinical microbiological 

reports) and outputs 

ranked combina�on 

recommenda�ons with 

predicted synergy scores 

and resistance-evasion 

pro8les.

Neural network 

synergy 

predic�on model 

(trained on 

EUCAST MIC data 

and published 

combina�on 

studies); Graph 

neural networks 

for drug-drug 

interac�on 

mapping

Extends therapeu�c 

op�ons against 

resistant organisms 

without new drug 

development. 

Directly addresses 

clinical need where 

monotherapy has 

failed; supports 

prescribers in 

naviga�ng 

combinatorial 

complexity.

Combina�on 

Therapy ShinyApp

Compound 

Repurposing 

Engine

AI-driven screening of 

PubChem and exis�ng 

FDA-approved compound 

libraries for an�microbial 

ac�vity against priority 

resistant pathogens. 

Generates ranked 

repurposing candidates 

with predicted ac�vity 

Graph Neural 

Networks (GNNs) 

on molecular 

structure data; 

Molecular 

docking 

simula�on 

integra�on; 

Knowledge graph 

Accelerates 

an�microbial 

pipeline at frac�on 

of de novo 

development cost 

and �meline. 

Provides pharma 

R&D teams with 

evidence-based 

Repurposing 

ShinyApp
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Feature / 

Module

Descrip
on Underlying AI 

Technology

Business Value ShinyApp Source

pro8les, safety 

considera�ons, and 

exis�ng clinical trial 

status.

querying across 

drug-protein 

interac�on 

databases

repurposing leads; 

supports out-

licensing and 

partnership 

discussions.

AMR Risk 

Intelligence 

Dashboard

Execu�ve-level 

visualisa�on layer 

synthesising outputs from 

all four modules into a 

uni8ed risk intelligence 

dashboard. Includes 

geographic AMR heat 

maps, resistance trend 

forecas�ng, ins�tu�on-

level risk scores, and auto-

generated monthly 

intelligence reports.

Integrated ML 

model ensemble; 

Geospa�al 

analy�cs (GIS 

integra�on); 

Automated 

report 

genera�on via 

NLP

Enables C-suite and 

public health 

leadership to 

monitor AMR risk 

landscape 

holis�cally and 

respond 

proac�vely. 

Supports grant 

repor�ng, 

regulatory 

submissions, and 

board-level 

communica�ons.

Cross-module 

integra�on

10. Data Integra
on

10.1 Data Sources and Inges
on Pipeline

The  AMR-Genius  Intelligence  Hub's  analy�cal  power  is  con�ngent  upon  a  robust,  mul�-source  data  

integra�on architecture. Data inges�on is managed through a cloud-based ETL (Extract, Transform, Load) 

pipeline with the following primary sources and handling logic:

Data Source Data Type Inges
on Method Primary Module 

Fed

Update 

Frequency

WHO GLASS Portal Na�onal AMR 

prevalence, 

an�bio�c use 

sta�s�cs

Automated quarterly 

download; REST API 

where available

HCP Ac�on 

Intelligence, 

Dashboard

Quarterly

CDDEP 

ResistanceMap

Country-level 

an�bio�c 

consump�on, 

resistance rates

REST API; JSON 

parsing

HCP Ac�on 

Intelligence, 

Combina�on 

Therapy

Monthly

Ins�tu�onal EHR 

Systems

Individual 

prescrip�on 

records, clinical 

outcomes

HL7 FHIR API 

integra�on; de-

iden�8ed data feeds

HCP Ac�on 

Intelligence

Real-�me / 

near-real-�me



RM A1 Assignment | MBA Pharmaceu�cal Management | IIHMR University, Jaipur

AI for An�microbial Resistance (AMR) Surveillance Page 21

Data Source Data Type Inges
on Method Primary Module 

Fed

Update 

Frequency

PubChem (NIH) Molecular 

structures, 

bioac�vity data, 

compound 

proper�es

REST API (PUG REST); 

SMILES nota�on 

parsing

Repurposing Engine Daily delta 

updates

NCBI GenBank / 

Pathogen Portal

Genomic resistance 

determinant data 

(AMR genes)

Entrez API; BLAST 

integra�on

Combina�on 

Therapy, 

Repurposing

Weekly

FDA FAERS / 

EudraVigilance

Post-market safety 

signals, quality 

complaints

Public data quarterly 

download

Formula�on 

Stability

Quarterly

Supply Chain IoT 

Sensors

Temperature, 

humidity, transport 

condi�on logs

IoT gateway (MQTT 

protocol); real-�me 

stream

Formula�on 

Stability

Real-�me

EUCAST / CLSI MIC 

Databases

Suscep�bility 

breakpoints, MIC 

distribu�ons

Sta�c database; 

periodic update

Combina�on 

Therapy

As updated

10.2 Data Handling Logic and ShinyApp Module Integra
on

Each ShinyApp module incorporates speci8c data handling logic reQec�ng the unique analy�cal requirements 

of its domain. The HCP Ac�on Intelligence module applies NLP preprocessing to de-iden�8ed EHR prescrip�on 

records, extrac�ng drug name, dose, indica�on, and prescriber iden�8ers, before cross-referencing against 

evidence-based  prescribing  guidelines  (WHO  AWaRe  classi8ca�on)  to  generate  individual  inappropriate 

prescribing scores. The Formula�on Stability module applies �me-series anomaly detec�on to IoT sensor  

streams, with threshold viola�on events triggering automated alerts cross-referenced against FAERS signals 

for the same drug batch or product class.

The Combina�on Therapy Op�mizer ingests pathogen iden�ty and an�bio�c suscep�bility pro8le from clinical 

microbiology reports (uploaded via a standardised CSV template or direct LIS integra�on), then queries the 

trained synergy predic�on model to generate ranked combina�on recommenda�ons. The Repurposing Engine 

con�nuously updates its candidate compound list by querying PubChem via the PUG REST API for compounds 

with structural similarity (Tanimoto coe<cient > 0.8) to known an�microbials, or with documented bioac�vity 

against priority AMR pathogens listed in the WHO Priority Pathogen List, cross-referencing NCBI GenBank for 

genomic target con8rma�on.

11. Feasibility Analysis
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11.1 Technical Feasibility

The technical feasibility of the AMR-Genius Intelligence Hub is assessed as High. All component technologies  

— cloud ML infrastructure (AWS SageMaker, Azure ML), HL7 FHIR API integra�on, NLP text analy�cs, GNN 

molecular  screening,  and  real-�me  IoT  data  inges�on  —  are  commercially  mature,  well-documented 

technologies  with  established  implementa�on  precedents  in  the  healthcare  sector.  Open-source  ML 

frameworks (TensorFlow, PyTorch, scikit-learn) reduce development costs signi8cantly. The four ShinyApp 

analy�cal modules provide validated proof-of-concept prototypes that can be refactored into produc�on-

grade Python/R microservices behind a RESTful API gateway.

Key technical risks include: (a) HL7 FHIR integra�on complexity across heterogeneous hospital IT systems,  

mi�gated by a phased integra�on approach beginning with cloud-na�ve hospital partners; (b) data quality 

variability  from  WHO  GLASS  (incomplete  na�onal  repor�ng),  mi�gated  by  imputa�on  modelling  and 

transparent data completeness Qagging in the dashboard; and (c) model dri= as resistance paIerns evolve,  

mi�gated by automated re-training pipelines triggered by performance metric degrada�on thresholds.

11.2 Financial Feasibility and Revenue Model

Revenue Stream Descrip
on Target Customer Est. Annual 

Revenue (Year 3)

Pricing Model

Ins�tu�onal SaaS 

Subscrip�ons — 

Standard

Access to HCP Ac�on 

Intelligence + 

Dashboard modules

Hospital systems 

(150–500 beds)

USD 2.1M (70 

hospitals × USD 

30,000)

Annual licence fee

Ins�tu�onal SaaS 

Subscrip�ons — 

Enterprise

Full plaEorm access 

with EHR integra�on 

and custom repor�ng

Large hospital 

groups, NHS-

equivalent 

systems

USD 3.6M (24 

enterprise × USD 

150,000)

Annual licence + 

implementa�on 

fee

Government / 

Public Health 

Agency Licensing

Na�onal AMR 

surveillance dashboard 

with GLASS data 

overlay

ICMR, WHO 

regional o<ces, 

na�onal health 

ministries

USD 1.2M (12 

agencies × USD 

100,000)

Annual licence

Pharma R&D 

Intelligence 

Partnerships

Repurposing Engine 

outputs as lead 

compound intelligence; 

co-development 

licensing

Top 20 

pharmaceu�cal 

companies

USD 4.0M (4 

partners × USD 1M)

Milestone-based + 

royalty

De-iden�8ed Data 

Analy�cs Service

Anonymised prescribing 

trend reports for 

pharmaceu�cal market 

research

Pharma 

marke�ng & 

market access 

teams

USD 800K 

(aggregate 

subscrip�on)

Per-report or 

annual 

subscrip�on
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Projected Total Revenue (Year 3): USD 11.7 Million | Es�mated PlaEorm Development Cost: USD 3.5–4.0M | 

Break-Even: Month 26–30 at 55% subscrip�on target achievement

11.3 Opera
onal Feasibility

Opera�onal feasibility is assessed as Moderate-to-High, con�ngent on securing strategic partnerships with 

two or three anchor hospital systems for early integra�on pilots. The primary opera�onal challenges are: (a)  

ins�tu�onal data governance nego�a�ons for EHR access (18–24 month procurement cycles typical in hospital 

seDngs);  (b)  change management requirements  for  HCP adop�on of  prescribing  alert  systems;  and (c) 

maintaining a mul�-disciplinary product team combining clinical informa�cs, AMR science, ML engineering, 

and pharmaceu�cal regulatory exper�se.

A phased go-to-market strategy is recommended: Phase 1 (Months 1–12) — deploy Formula�on Stability and 

Repurposing modules as standalone tools  for pharmaceu�cal  company R&D clients (faster procurement 

cycles); Phase 2 (Months 13–24) — onboard hospital pilot partners for HCP Ac�on Intelligence module; Phase 

3 (Months 25–36) — full plaEorm deployment with government health agency partnerships. This phased  

approach  enables  revenue  genera�on  and  product  re8nement  before  the  most  opera�onally  complex 

integra�ons are aIempted.

12. Pla<orm Screen Descrip
ons (Wireframe Guidance)

Screen 1: Main Dashboard / Home Screen

Layout: Full-width dark navy (#1F4E79) header bar with the AMR-Genius Intelligence Hub logo (le=), user 

name and role tag (centre-right), and no�8ca�on bell icon (right). Below the header, a three-column KPI row  

displays: (a) Na�onal AMR Risk Index — a large circular gauge chart in red/amber/green showing the current  

composite AMR risk score; (b) Inappropriate Prescrip�ons Today — a real-�me counter with a downward 

trend sparkline; (c) Ac�ve Resistance Alerts — a count badge in amber. The main content area is a 2x2 module 

grid: each cell is a card with the module icon, module name, a three-sentence status summary, and a 'Launch 

Module' buIon. A collapsible le= sidebar provides naviga�on to SeDngs, Data Sources, Reports, and Help.

Screen 2: HCP Ac
on Intelligence Module

Layout: A search/8lter bar at the top allows 8ltering by hospital, department, specialty, or date range. The  

primary visualisa�on is a horizontal bar chart ranking prescribers by their Inappropriate Prescribing Score  

(IPS), with the current user's bar highlighted in blue and the departmental average marked by a ver�cal dashed 

line  — implemen�ng the peer-comparison nudge strategy.  A  right-panel  detail  card appears  when any  

prescriber bar is selected, showing: total prescrip�ons in period, IPS breakdown by an�bio�c class, top three 

guideline  devia�ons,  and  a  generated  personalised  recommenda�on  (e.g.  'Consider  narrow-spectrum 
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alterna�ves for community-acquired pneumonia per WHO AWaRe guidelines'). A boIom table lists all Qagged 

prescrip�ons with columns for Date, Drug, Indica�on, Guideline Alignment, and Ac�on Required.

Screen 3: Formula
on Stability Analy
cs Module

Layout: A world map (LeaQet.js-powered) as the hero element, with batch shipment loca�ons ploIed as  

colour-coded dots (green: stable, amber: at-risk, red: cri�cal degrada�on predicted). A �meline slider below 

the map adjusts the temporal view. A data table on the right lists all ac�ve batches with columns for Batch ID, 

Product Name, Current Loca�on, Temperature Devia�on Events, Predicted Potency at Des�na�on (%), and 

Risk Status. Clicking any batch opens a detailed drawer showing the full temperature log as a line chart with 

threshold  viola�on  zones  shaded  in  red,  and  an  AI-generated  recommenda�on  (e.g.,  'Quaran�ne 

recommended — predicted potency 78%, below MIC threshold for Amoxicillin 500mg').

Screen 4: Combina
on Therapy Op
mizer

Layout: A two-panel input-output design. Le= panel: an input form where the clinician selects (a) the target  

pathogen from a dropdown (WHO Priority  Pathogen List),  (b)  known resistance pro8le (checkboxes for 

an�bio�c classes showing resistance), and (c) pa�ent context parameters (renal func�on, weight, known 

allergies). A blue 'Op�mise Combina�ons' buIon triggers the AI model. Right panel: output is a ranked table 

of recommended drug combina�ons, each row showing Drug A + Drug B, Predicted Synergy Score (0–1 scale), 

Mechanism of Synergy, Resistance Evasion Ra�ng, and Clinical Evidence Grade. Selec�ng any combina�on 

opens a detail panel with full pharmacological ra�onale, relevant clinical trial references, and a downloadable 

clinical summary PDF.

Screen 5: Compound Repurposing Engine

Layout: A chemical structure search panel at the top allows pharmacologists to enter a SMILES string or search 

by compound name. The main content area displays an interac�ve network graph (D3.js force-directed graph) 

where nodes represent compounds and edges represent structural similarity or shared protein targets — 

colour-coded by exis�ng drug class. Hovering over a node shows compound name, molecular weight, known 

indica�ons,  and  AMR Ac�vity  Score.  A  ranked  candidate  list  table  below the  graph  shows  the  top  20 

repurposing candidates with columns for Compound Name, Current Indica�on, Target Pathogen, Predicted 

MIC Reduc�on (%), Patent Status, and Development Stage. A 8lter panel on the le= allows narrowing by  

pathogen, ac�vity threshold, or compound class.

End of RM A1 Assignment
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