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ABSTRACT 

Retail pharmacies sit at the intersection of healthcare and 

consumer retail, where every transaction can either be a 

one-off purchase or the start of a longer therapeutic 

relationship. Artificial intelligence (AI) recommendation 

engines—long proven in e-commerce—are increasingly 

being adapted to pharmacy contexts to personalize 

product suggestions, close care gaps, and orchestrate 

loyalty incentives that support both revenue and health 

outcomes. This manuscript develops a holistic framework 

for integrating AI recommendation systems into retail 

pharmacy cross-selling and customer loyalty programs. It 

explains technical approaches (content-based, 

collaborative, hybrid, contextual bandits, and 

reinforcement learning), maps them to pharmacy-specific 

use cases (adjunct OTCs, device and supply 

replenishment, immunization reminders, digital 

therapeutics, and adherence support), and outlines 

governance guardrails (privacy, security, fairness, and 

explainability). A dedicated clinical research section 

connects recommendation outcomes to clinical endpoints 

such as proportion of days covered (PDC), medication 

possession ratio (MPR), vaccination uptake, and 

symptom control scores. A detailed methodology specifies 

data sources, feature engineering, modeling pipeline, 

exploration–exploitation policies, offline and online 

evaluation, A/B testing, and MLOps in regulated 

environments.  

 

Fig.1 Cross-Selling and Customer Loyalty 

Programs,Source([1]) 

To make the discussion concrete, we include an 

illustrative multi-site pilot with synthetic but realistic 

results: targeted AI suggestions embedded in point-of-sale 

(POS) and mobile channels increase basket-level 

acceptance of clinically appropriate adjuncts, raise 

vaccination conversion, and improve adherence proxies 

while maintaining compliance with privacy and 

pharmacy practice standards. We conclude that AI-

driven recommendations—when designed with clinical 

stewardship and robust governance—can align 

commercial cross-selling with genuine patient benefit, 

converting loyalty programs from transactional point 

schemes into longitudinal care engagement platforms. 

The paper closes with scope and limitations, including 

risks of bias leakage, over-promotion, data drift, and the 

need for human-in-the-loop oversight. 
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INTRODUCTION 

Retail pharmacy has evolved from a product-centric 

storefront to a hybrid health destination offering prescription 

dispensing, over-the-counter (OTC) remedies, preventive 

services, and digital care journeys. The business challenge is 

dual: maintain viable margins in a low-price-elastic category 

while improving quality metrics such as adherence, 

vaccination coverage, and appropriate self-care. Traditional 

cross-selling tactics—end-caps, generic coupons, or broad 

loyalty blasts—are blunt instruments. They often ignore 

clinical context (e.g., contraindications, therapy phase, 

comorbidities) and customer preferences (e.g., formulation 

tolerance, lifestyle constraints), leading to low conversion 

and potential friction at the counter. 

AI recommendation engines offer a principled way to match 

the right suggestion to the right person at the right moment 

and channel. Unlike generic targeting, modern recommenders 

use high-dimensional features to estimate the conditional 

utility of a suggestion: a humidifier for a patient on intranasal 

steroids; a spacer for albuterol inhaler users; probiotic 

advisories post-antibiotic therapy; or a high-dose flu vaccine 

for older adults. When integrated with loyalty programs, these 

systems can personalize incentives to reduce out-of-pocket 

friction, nudge timely refills, and encourage evidence-based 

self-care—ideally improving both business and clinical 

outcomes. 

 

Fig.2 Integration of AI Recommendation 

Engines,Source([2]) 

Yet, pharmacy is not simply another retail vertical. Patient 

safety, confidentiality, and professional judgment are non-

negotiable. Recommendation systems must operate inside 

regulatory perimeter controls (HIPAA-like requirements in 

many jurisdictions), uphold fairness, avoid promoting 

clinically inappropriate products, and provide understandable 

rationales to pharmacists and patients. They must also 

function across multiple channels—POS, pharmacist console, 

mobile apps, SMS, and email—while maintaining coherent 

experimentation to measure uplift. 

This manuscript synthesizes the technical, operational, and 

clinical considerations required to responsibly deploy 

recommendation engines in retail pharmacy cross-selling and 

loyalty ecosystems. It provides a literature-style overview of 

algorithms, translates them into pharmacy workflows, 

connects them to health outcomes, and proposes a study 

design and MLOps blueprint. An illustrative results section 

demonstrates the type of measurable gains pharmacies might 

expect when systems are designed with clinical guardrails. 

LITERATURE REVIEW 

Recommendation paradigms.  

Three core paradigms dominate: (1) content-based filtering 

uses item attributes (e.g., dosage form, active ingredient class, 

indications) to find similar items to a user’s history; (2) 

collaborative filtering infers latent representations from co-

occurrence patterns (e.g., customers who buy A also buy B); 

and (3) hybrid models combine both to overcome cold-start 

and sparsity. For sequential decisions, contextual bandits 

trade off exploration and exploitation at the interaction level 

(ideal for offers at checkout), while reinforcement learning 

(RL) optimizes long-term value (e.g., adherence and lifetime 

value across many touchpoints). Graph-based recommenders 

can encode pharmacologic relationships (drug-drug 

complementarity or conflict), and causal-inference-aware 

recommenders aim to reduce bias from confounding (e.g., 

sicker patients receiving more recommendations). 
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Relevance to pharmacy.  

In pharmacy, item context is clinical: therapeutic class, 

contraindications, device compatibility, age restrictions, and 

guidelines. User context includes prescription history, 

therapy stage (initiation vs. maintenance), refill timing, 

comorbid flags, and self-reported preferences. 

Recommendation objectives therefore expand beyond 

revenue to include adherence, symptom control, and safety. 

Loyalty data—visit cadence, channel preferences, coupon 

redemption—enrich models with behavioral features. 

Channels and moments.  

Key “moments of truth” include: (a) prescription drop-off: 

counsel on device training, drug-food interactions, or OTC 

symptom management; (b) pickup/checkout: adjunct 

accessories (pill organizers, spacers), immunization prompts; 

(c) post-purchase: refill reminders, titration support, side-

effect mitigation; and (d) loyalty lifecycle: onboarding, 

milestone recognition, and win-back offers after inactivity. 

Guardrails and governance.  

Healthcare recommendation engines require safety filters: (i) 

clinical rule layers (hard stops for contraindications), (ii) 

pharmacist override and commentary, (iii) transparent 

rationales (e.g., “Suggested because you’re starting 

amoxicillin; probiotics may reduce GI upset”), (iv) fairness 

audits across age, gender, and socioeconomic proxies, and (v) 

privacy-preserving computation (tokenization, differential 

privacy for analytics, role-based access). 

Measurement culture.  

Unlike pure retail where click-through suffices, pharmacy 

needs multidimensional KPIs: acceptance rate, average order 

value (AOV), category penetration, PDC/MPR, vaccination 

conversion, care-gap closure (e.g., statin with diabetes), and 

net promoter score (NPS). Randomized controlled trials 

(RCTs) and staggered rollouts (stepped-wedge designs) 

establish causal impact while minimizing operational 

disruption. 

Clinical Research 

Clinical endpoints aligned to recommendations.  

To move beyond “more items in the basket,” 

recommendations must tie to validated endpoints: 

• Adherence: PDC and MPR as primary adherence 

proxies for chronic therapies. 

• Preventive care: Vaccination uptake (flu, 

pneumococcal, shingles, COVID-19 where 

applicable); timing adherence to recommended 

schedules. 

• Symptom control and QoL: Standardized scales 

for allergy, pain, or reflux; reduction in 

breakthrough symptoms. 

• Safety: Reduced incidence of duplicate therapy, 

OTC–Rx interactions, and inappropriate OTC use in 

special populations (e.g., pediatrics, pregnancy, 

geriatrics). 

Recommendation-to-outcome pathways.  

Examples include: (1) recommending a pill organizer or SMS 

adherence program for new antihypertensive starts → 

improved PDC; (2) prompting a high-dose flu vaccine for 

patients ≥65 → increased vaccine coverage; (3) suggesting a 

spacer device for inhaled β-agonists → improved technique 

and symptom control; (4) advising saline nasal rinse 

alongside intranasal corticosteroids → improved rhinitis 

control and fewer return visits for breakthrough symptoms. 

Study genres. 

• Pragmatic RCTs randomize recommendation 

availability at store or user level. 

• Stepped-wedge cluster trials roll out AI to groups of 

stores over time with within-cluster controls. 

• Quasi-experimental designs (difference-in-

differences, synthetic controls) leverage natural 

rollout when randomization is impractical. 
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• Embedded micro-randomized trials (MRTs) vary 

prompts across time to learn optimal context policies 

(useful for adherence nudges). 

Safety and oversight.  

All clinical-adjacent recommendations should undergo 

pharmacy & therapeutics (P&T) review, with adverse event 

monitoring for OTC–Rx interactions when suggestions 

change behavior. A pharmacist must approve or decline any 

suggestion at the counter, and patients must retain transparent 

opt-in/opt-out choices for data use and messaging. 

METHODOLOGY 

This section outlines a practical blueprint for integrating an 

AI recommendation engine into a retail pharmacy’s cross-

selling and loyalty workflows. 

1) Data Sources and Integration 

• Core transactional data: POS line items, 

timestamps, tender type, coupons applied. 

• Pharmacy data: Prescription fills/refills, National 

Drug Codes (NDCs), therapeutic class, days’ 

supply, prescriber specialty, refill due dates, claims 

rejections (e.g., prior authorization), and 

adjudication outcomes. 

• Loyalty/membership: Enrollment status, point 

balances, redemption history, communication 

consents, preferred channels, churn signals. 

• Engagement data: Mobile app events, email/SMS 

opens and clicks, in-app push responses, 

appointment bookings for vaccinations or 

counseling. 

• Clinical rule base: Drug–drug and drug–OTC 

interaction databases, age restrictions, 

pregnancy/geriatric cautions, and immunization 

schedules. 

• Context signals: Seasonality, local outbreaks (e.g., 

influenza activity), weather (allergen proxies), store 

inventory, pharmacist staffing levels (for feasible 

interventions like device teaching). 

All personally identifiable health information (PHI) is stored 

and processed within secured, access-controlled 

environments with audit trails. For vendor models, use 

privacy-preserving interfaces (tokenization, federated 

inference where feasible). 

2) Feature Engineering 

• User features: refill punctuality, therapeutic class 

portfolio, prior acceptance of recommendations, 

sensitivity to incentives, time-of-day preference. 

• Item features: pharmacologic class, route/form, 

labeled indications, accessory compatibility, 

contraindication tags, shelf life, price elasticity 

proxy. 

• Context features: store ID, queue length proxy, 

day-of-week, campaign calendar, regional clinical 

alerts. 

• Safety features: hard exclusion flags (e.g., 

anticoagulant users → avoid NSAID promotions), 

age/gestational flags. 

Use embeddings for items (e.g., Word2Vec-style from co-

purchase sequences) and for users (latent factors from matrix 

factorization). Construct graph features from Rx–OTC 

knowledge graphs. 

3) Model Families 

• Baseline: popularity by segment with clinical filters. 

• Collaborative filtering: implicit feedback matrix 

factorization; neural collaborative filtering. 

• Content-based: gradient-boosted trees or shallow 

nets on hand-engineered clinical features. 

• Hybrid two-tower models: user and item encoders 

with dot-product scoring; candidate generation + re-

ranker. 
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• Contextual bandits: LinUCB/Thompson sampling 

to personalize offers during checkout with 

controlled exploration. 

• Reinforcement learning: off-policy evaluation to 

learn loyalty-lifecycle policies optimizing long-term 

adherence and LTV while enforcing clinical 

constraints. 

• Causal uplift models: meta-learners (T-learner, X-

learner) to estimate individualized treatment effect 

(ITE) of sending a suggestion or incentive. 

4) Safety, Fairness, and Governance 

• Pre-filters: clinical rule engine must veto unsafe or 

inappropriate pairings. 

• Explainability: generate human-readable rationales 

(e.g., “We suggested a spacer because you filled an 

albuterol inhaler today”). 

• Fairness audits: evaluate acceptance rates, 

opportunity allocation, and clinical benefit by age, 

gender, language preference, and neighborhood SES 

proxies; set parity constraints where appropriate. 

• Consent and transparency: clear opt-ins for data-

driven messaging; easy preference management. 

• Human-in-the-loop: pharmacist can suppress or 

modify suggestions; capture overrides as learning 

signals. 

• Model risk management: documentation (model 

cards), versioning, challenge datasets, periodic 

reviews by a cross-functional governance board. 

5) Experimentation and Evaluation 

• Offline: recall@K, precision@K, NDCG for 

candidate ranking; policy value estimation for 

bandits; off-policy evaluation for RL (IPS/DR 

estimators). 

• Online: store- or user-level randomized trials; 

primary outcomes: acceptance rate of clinically 

eligible recommendations, AOV, vaccination 

conversion, refill timeliness (PDC); safety 

outcomes: contraindication error rate (target: zero), 

pharmacist override rate. 

• Powering: compute minimum detectable effect 

(MDE) for key outcomes; for example, to detect a 2-

percentage-point uplift in vaccine conversion from a 

12% baseline with 80% power and α=0.05, allocate 

~15–25k encounters per arm depending on intraclass 

correlation at the store level. 

• Duration: run for at least two replenishment cycles 

for chronic meds (e.g., 60–90 days) to observe 

adherence signals. 

6) Deployment and MLOps 

• Architecture: real-time inference service with <150 

ms latency; feature store shared across 

training/serving; message queue for event ingestion. 

• Monitoring: data drift alerts, safety tripwires 

(automatic disable if override or contraindication 

rates exceed thresholds), business KPIs dashboards. 

• Retraining cadence: weekly for collaborative 

signals; immediate hotfixes for clinical rule updates 

or recalls. 

• Rollout strategy: canary by region, then stepped-

wedge scale-up; maintain a persistent control cohort 

for longitudinal benchmarking. 

RESULTS  

To demonstrate expected effects and the reporting style, we 

present outcomes from a hypothetical 12-week, stepped-

wedge pilot across 48 community pharmacy stores. Stores 

were randomized to four rollout waves (12 stores per wave). 

Approximately 412,000 eligible encounters (prescription 

pickups and app sessions within 24 hours of pickup) were 

observed. The AI system generated suggestions only when 
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clinically appropriate and when inventory was adequate. 

Pharmacists could override any suggestion. 

Primary commercial outcomes 

• Acceptance of adjunct recommendations: 17.6% 

in AI stores vs. 9.8% in control (absolute +7.8 pp; 

relative +79.6%). 

• Average order value (AOV): +6.1% uplift (95% 

CI: +4.8% to +7.3%). 

• Category penetration: accessories for inhalers 

(spacers) +24.3%; pill organizers +18.7%; OTC 

probiotics tied to antibiotic fills +21.2%. 

Primary clinical outcomes 

• Adherence proxy (PDC ≥80%) among new 

antihypertensive starts: 63.4% in AI cohort vs. 

58.5% in control after 90 days (+4.9 pp; p<0.01). 

• Vaccination conversion at pickup (flu season 

weeks 6–12): 16.1% vs. 12.2% (+3.9 pp; relative 

+32%). 

• Self-reported symptom improvement (allergic 

rhinitis 10-point scale, app users): mean 

improvement 2.1 points vs. 1.7 points in control 

(Δ=0.4; p=0.03). 

• Safety outcomes: contraindicated suggestions 

0.00% (rule engine blocked 1,482 potential offers); 

pharmacist override rate 6.5%, with most overrides 

citing “already owns accessory” or “patient declined 

counseling.” 

Loyalty and engagement 

• Offer redemption via points: +14.8% higher 

among members receiving personalized incentives 

vs. generic coupons. 

• Churn: 90-day inactivity decreased by 2.6 pp 

among previously at-risk members flagged by the 

RL policy. 

Equity and fairness checks 

• Acceptance and benefit were broadly distributed. 

After parity calibration (minor uplift caps in affluent 

clusters), acceptance rate differences across 

neighborhood SES quintiles narrowed to within 1.2 

pp. No adverse disparities were detected in the 

geriatric cohort after excluding promotions for 

higher-risk OTCs. 

Operational observations 

• Queue-time impact at POS was negligible (median 

+6 seconds per transaction when a pharmacist 

message was displayed). 

• Pharmacist satisfaction improved following the 

addition of rationale snippets and a one-click “not 

appropriate” control that fed back as negative 

reinforcement. 

Note: The above results are illustrative, designed to show 

realistic effect sizes and reporting conventions. Real 

deployments should validate with randomized trials and local 

governance. 

CONCLUSION 

AI recommendation engines can transform retail pharmacy 

cross-selling from a purely transactional tactic into a 

clinically grounded, loyalty-driven engagement strategy. By 

combining collaborative and content-based signals with 

contextual bandits and, eventually, reinforcement learning, 

pharmacies can present timely, appropriate suggestions that 

reduce friction, support adherence, and expand preventive 

care. The key differentiator from general retail is the primacy 

of patient safety and professional judgment. Systems must 

embed clinical rule layers, pharmacist controls, and 

transparent rationales; they must measure success with both 

commercial and clinical KPIs; and they must be deployed 

within robust privacy, security, and model-risk frameworks. 

When thoughtfully designed, AI-driven recommendations 

can: (1) increase acceptance of clinically aligned adjuncts 
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(e.g., spacers, organizers, probiotics), (2) improve adherence 

proxies and vaccination uptake, (3) elevate loyalty 

engagement through personalized, value-sensitive incentives, 

and (4) reduce inequities by allocating supportive resources 

to segments that benefit most. The technology alone is not 

sufficient; organizational readiness—training, governance, 

and continuous experimentation—determines whether gains 

persist beyond initial novelty. 

Looking ahead, integrating explainable causal models, 

federated learning to minimize PHI movement, and closed-

loop outcomes from connected devices (e.g., smart inhalers) 

will further align recommendations with genuine health 

impact. Loyalty programs should evolve from points 

accumulation to health-milestone recognition—rewarding 

behaviors like on-time refills or vaccine completion—turning 

repeat visits into a sustained care journey. Done responsibly, 

recommendation engines become an engine for health equity 

and customer trust, not just revenue. 

SCOPE AND LIMITATION 

Scope. 

• The framework applies to community and chain 

retail pharmacies with POS systems, loyalty 

programs, and digital channels (apps/SMS/email). 

• Recommendation domains include OTC adjuncts, 

accessories, adherence aids, immunization prompts, 

self-care education, and loyalty incentives. 

• Algorithms considered span candidate generation, 

re-ranking, contextual bandits, RL for lifecycle 

policies, and causal uplift modeling. 

• Governance covers privacy, security, safety rules, 

fairness audits, transparency, and pharmacist-in-the-

loop processes. 

• Evaluation emphasizes both commercial 

(acceptance, AOV, category penetration) and 

clinical (PDC/MPR, immunization conversion, 

symptom control) KPIs, with experimentation 

strategies including RCTs, stepped-wedge rollouts, 

and MRTs. 

Limitations. 

• Results presented are illustrative and not derived 

from a live study; actual effects depend on 

demographics, competitive landscape, formulary 

dynamics, and operational constraints. 

• PHI availability and consent frameworks vary by 

jurisdiction; some data integrations or 

personalization levels may be restricted. 

• Bandit and RL approaches require sufficient traffic 

and careful safety constraints; early phases may rely 

more on static hybrid models. 

• Bias risks persist if historical data reflect unequal 

access or counseling; parity constraints and 

continuous audits are required. 

• Offline metrics (precision/recall) may not correlate 

with clinical benefit; rigorous online experiments 

with clinical endpoints are necessary. 

• Inventory and staffing variability can limit the 

feasibility of certain recommendations (e.g., time-

intensive device teaching). 

• Over-promotion risk must be managed to avoid 

recommendation fatigue; frequency caps and “do-

not-suggest” learning are essential. 

• Data drift (seasonality, new therapies, changing 

guidelines) can degrade models; ongoing 

monitoring and retraining are mandatory. 

• Explainability for complex models remains a 

challenge in patient-facing contexts; succinct 

rationales and pharmacist mediation mitigate but do 

not eliminate this constraint. 
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