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Abstract—Adverse drug reactions (ADRs) remain a leading preventable cause of patient morbidity and mortality worldwide.
Contemporary pharmacy management systems are largely reactive, relying on manual workflows, periodic stock audits, and
static interaction lookup tables that cannot anticipate demand surges or detect subtle multi-drug interaction patterns. This
paper presents Complainex, an Al-driven, predictive, and risk-aware smart pharmacy management system that integrates
inventory automation, machine-learning-based demand forecasting, automated drug-interaction detection, and a natural-
language chatbot assistant on a cohesive full-stack web platform. The backend is implemented in Python (Flask) with a
RESTful API layer; the frontend uses React 18 with TypeScript and Tailwind CSS. An SQL.ite/MySQL relational database
persists all medication records, sales history, and patient data. The drug-safety engine cross-checks prescriptions against a
curated interaction database, classifies risk as High, Moderate, or Low, and triggers colour-coded alerts. The demand-
prediction module applies a growth-factor algorithm over rolling historical sales to generate monthly restock
recommendations. Evaluation on 36 benchmark prescriptions demonstrates 88%o sensitivity for interacting drug pairs, 79%
specificity for non-interacting pairs, and an overall prescription-level accuracy of 83%. These results confirm that
Complainex is a practical, scalable solution for modernising pharmacy operations and reducing ADR risk.

Index Terms—Smart pharmacy, adverse drug reactions, demand forecasting, drug interaction detection, large language models,
Flask, React, clinical decision support, Al chatbot.

I. INTRODUCTION
Adverse drug reactions (ADRs) represent one of the foremost preventable causes of morbidity and mortality in modern healthcare.
The Institute of Medicine estimated that medication errors cause between 44,000 and 98,000 deaths annually in the United States,
with ADRs responsible for approximately 7,000 of those fatalities [1]. Globally, over 770,000 injuries or deaths per year in U.S.
hospitals are attributed to ADRs, and worldwide trends suggest that controlling ADR-related mortality will remain a persistent
challenge [9].
Traditional pharmacy management systems rely heavily on manual stock audits, paper-based interaction lookups, and reactive
restocking workflows. These approaches are inherently error-prone and lack the predictive intelligence needed to anticipate demand
surges or detect subtle polypharmacy risks. Furthermore, they provide no conversational interface to support pharmacists in real
time, forcing reliance on printed drug reference guides.
Artificial intelligence—particularly machine learning (ML) and large language models (LLMs)—offers a transformative
opportunity to rearchitect pharmacy information systems. The ASHP 2023 Pharmacy Forecast Report identified Al as a key factor
in reshaping health-system pharmacy over the coming decade. Works such as
Osheba et al. [2] demonstrate that LLM-powered agents can automate drug-interaction detection with clinically acceptable accuracy
when integrated with structured electronic health records (EHR). Building on this foundation, we present Complainex, which
contributes:
» A unified full-stack smart pharmacy platform integrating inventory, forecasting, safety, and chatbot modules.
» An Al demand-prediction engine that reduces out-of-stock events through proactive restock recommendations.
» A rule-augmented drug-safety engine that classifies interaction severity and suggests evidence-based alternatives.
» A natural-language chatbot (text and voice) enabling conversational database queries without SQL expertise.
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Il. RELATED WORK
A. Intelligent Inventory Systems
Singh et al. [3] proposed SupplyRx, a real-time pharmaceutical supply monitoring platform leveraging loT-based tracking.
Although effective at logistics visibility, SupplyRx lacks advanced drug-safety analysis or Al-driven demand prediction—
capabilities central to Complainex.

B. LLM-Augmented Pharmacy

Osheba et al. [2] integrated LLaMA 3.1 with LangChain and the Drugs.com API to build a smart pharmacy system capable of
detecting drug-drug interactions and generating SQL queries via natural language. Their system achieved 88% sensitivity for
interacting pairs and 79% specificity for non-interacting pairs at the prescription level, establishing a performance baseline that
Complainex targets and extends with demand forecasting.

C. Al-Based Operations

Nishane and Ajankar [4] developed an Al-based system for automating inventory control and demand prediction but reported
limited drug-safety alerting capability. Khan et al. [5] conducted a comprehensive review confirming that Al integration reduces
operational costs and improves patient counselling quality, while identifying data-privacy and regulatory barriers as persistent
challenges.

D. Deep Interaction Prediction

Feng et al. [7] proposed DPDDI, a deep-learning predictor for drug-drug interactions, achieving high accuracy on benchmark
datasets. However, DPDDI requires large labelled datasets and GPU infrastructure, making deployment in small-to-medium
pharmacy settings impractical without significant investment.

E. Clinical Alert Overrides

Slight et al. [8] quantified the national cost of ADRs resulting from inappropriate alert overrides in the U.S., highlighting the danger
of alert fatigue. Complainex addresses this by calibrating alert severity and filtering low-confidence outputs through a pharmacist-
review gate, reducing nuisance alerts while preserving clinically critical notifications.

1. SYSTEM DESIGN
A. Architecture Overview
Complainex follows a three-tier client—server architecture: a presentation layer (React 18 / TypeScript / Tailwind CSS), an
application layer (Python Flask with RESTful API), and a data layer (SQLite, upgradeable to MySQL). An Al Analytics Engine,
also implemented in Python, encapsulates the demand-prediction model, drug-safety engine, and NLP chatbot logic. Fig. 1
illustrates the end-to-end system workflow.

Pharmacist / Input Layer

1

Prescription Processing
4
LLM Drug Interaction Check
| Interaction Found?
Suggest Alternatives / Approve & Save to EHR

4
Analytics Dashboard Output

Fig. 1. End-to-end system workflow of Complainex.
B. Database Schema
The relational schema contains six core tables: Medicines (drug ID, RxNorm ID, name, quantity, dose, expiry, manufacturer); Sales
(transaction ID, medicine ID, quantity sold, timestamp); Interactions (drug pair, severity, explanation, reference URL); Patients
(patient ID, demographics, diagnoses, current medications); Orders (order 1D, patient ID, pharmacist ID, status);
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and Users (pharmacist 1D, hashed password, role). Foreign-key constraints enforce referential integrity, and indexed columns on
drug name and RxNorm ID enable sub-millisecond look-up for interaction queries.

C. Al Demand Prediction

The demand predictor computes a rolling 6-month average of sales for each medicine, applies a configurable growth factor (default
1.05) and a seasonal index derived from year-on-year data, and compares the resulting forecast against current stock levels. If
predicted demand exceeds stock, the system emits a critical restock recommendation on the dashboard. Fig. 2 presents the algorithm
flowchart.

Collect Historical Sales Data

4
Compute 6-Month Rolling Average

4
Apply Growth Factor (x1.05)

!
Apply Seasonal Index
| Demand > Current Stock?
Generate Restock Recommendation
Update Dashboard & Send Alert

Fig. 2. Demand prediction algorithm flowchart.
D. Drug Safety Engine
When a pharmacist selects medicines for a patient, the safety engine enumerates all pairwise combinations and queries the
Interactions table. Each detected interaction is classified by severity—High, Moderate, or Low—and an explanatory summary with
a reference URL (Drugs.com) is returned. If no pre-loaded record exists, the engine queries the Drugs.com API via HTTP and
caches the result locally. The engine also evaluates drug-diagnosis contraindications using patient EHR data, raising major-severity
alerts when a prescribed medicine is contraindicated for a recorded diagnosis.

E. NLP Chatbot Assistant

The chatbot module accepts both typed text and voice input. Speech is transcribed using the SpeechRecognition library (v3.10.0),
normalised, and routed through an intent classifier. Simple intents (e.g., “What is the stock of Metformin?”) are resolved by
parameterised SQL queries. Complex analytical intents delegate to the Al Analytics Engine, returning JSON rendered as charts in
the Ul. Confidence scoring gates every response: outputs below an 85% threshold are flagged for pharmacist review.

F. Security Architecture

Patient data is protected through role-based access control (RBAC), bcrypt password hashing, AES-256 encryption for data at rest,
and TLS for data in transit. Each doctor is assigned a unique system identifier that restricts access to their own patient records.
Parameterised SQL queries eliminate injection vectors. The local-first deployment model ensures that no patient data leaves the
pharmacy’s own infrastructure.

V. MODULE IMPLEMENTATION
Module 1: Authentication & Access Control
Session-based authentication is implemented with Flask-Login. Protected API routes verify session tokens on every request. RBAC
restricts pharmacists to authorised operations, preventing cross-role data access. Login sessions are securely invalidated on logout
with server-side session clearing.

Module 2: Smart Inventory Management

The inventory module provides full CRUD operations through a React data grid. A background APScheduler job runs daily to flag
medicines expiring within 30 days and to update stock-status indicators (In Stock / Low Stock / Out of Stock). Pharmacists receive
in-app notifications and can export inventory reports to CSV.
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Module 3: Al Demand Prediction

Historical sales records are aggregated using Pandas GroupBy operations on the Flask server. The growth-factor forecast is
computed in O(n) time with respect to the number of historical records, ensuring sub-second response on standard pharmacy
hardware. Restock recommendations are surfaced on the dashboard as colour-coded cards sorted by urgency.

Module 4: Drug Safety & Risk Assessment

The risk engine processes all pairwise drug combinations in a prescription. Severity is encoded as High (contraindicated), Moderate
(use with caution), or Low (monitor). For drug-diagnosis contraindications, patient diagnosis codes are mapped to ICD-10
identifiers and matched against the Interactions table. Alternative medicine suggestions are ranked by active-ingredient
compatibility.

Module 5: Analytics Dashboard

The dashboard aggregates KPIs including total revenue, top-selling medicines, profit margin, and stock-health percentage. Charts—
bar, pie, and line—are rendered client-side with Recharts, consuming JSON from Flask endpoints. Server-side aggregation uses
Pandas DataFrames, accelerating groupby operations over large sales tables.

V. EXPERIMENTAL RESULTS
A. Drug Interaction Detection Accuracy
The drug-safety engine was evaluated on 36 prescriptions drawn from published clinical interaction databases. Table I presents the
confusion matrix. The system achieves 88% sensitivity for interacting drug pairs and 79% specificity for non-interacting pairs,
yielding an overall prescription-level accuracy of 83%. Over-prediction of interactions is clinically preferable—erring on the side of
caution ensures pharmacist review before any potentially harmful dispensing occurs.

TABLE |
Drug Interaction Detection Results Across Five Benchmark Prescriptions
. True True Pred. Pred.
Scenario Non- Non-
Interact. Interact.

Interact. Interact.
Prescripti 6 4 4 3
onl
Prescripti 4 6 4 5
on 2
Prescripti 2 5 2 3
on3
Prescripti 5 0 5 0
on4
Prescripti 0 4 0 4
on5
Total 17 19 15 15

B. Demand Prediction Performance

The forecasting module was benchmarked on 12 months of historical sales for 16 medicine categories. Mean absolute percentage
error (MAPE) across all categories was 11.4%. Seasonal medicines (antihistamines, flu remedies) showed higher variance (MAPE
~18%), while chronic-disease medications (antihypertensives, antidiabetics) converged to MAPE <7%. Restock recommendations
reduced out-of-stock events by an estimated 34% in a simulated 3-month pilot.
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C. System Performance

API endpoints were stress-tested with 200 concurrent requests using Locust. Median response latency remained below 180 ms for
inventory queries and below 420 ms for interaction checks (including Drugs.com API round-trip). The chatbot achieved a median
voice-to-text latency of 1.2 seconds on a standard laptop (Intel Core i7, 16 GB RAM, NVIDIA RTX 3050).

D. Module Completion Status
Table Il summarises the current completion status of each system module.
TABLE Il
Current Module Completion Status

Module Completio

n (%)
Database Design 100
Demand Prediction Engine 100
Drug Interaction Engine 100
Export & Reporting 100
Backend REST API 95
Frontend UI/UX 90
Al Chatbot Integration 85
Overall Project 92

VI. DISCUSSION

The 88% sensitivity for interaction detection achieved by Complainex is competitive with specialised pharmacovigilance tools and
surpasses the 70-75% sensitivity typical of rule-based pharmacy information systems [2], [7]. The lightweight growth-factor
demand predictor is deliberately interpretable, satisfying clinical governance requirements for explainable Al in healthcare.

A notable limitation is reliance on a pre-compiled interaction database that may lag newly published pharmacovigilance evidence.
Integration with continuously updated sources—FDA Adverse Event Reporting System (FAERS), OpenFDA, and RxNorm—is
planned for the next release. The chatbot intent classifier also requires additional training data to handle ambiguous multi-intent
queries robustly.

Comparison with existing systems reveals important distinctions. SupplyRx [3] excels at supply-chain logistics but offers no clinical
safety analysis. The LLM system of Osheba et al. [2] achieves comparable drug-interaction accuracy but does not include demand
forecasting or an analytics dashboard. Complainex unifies these capabilities into a single deployable web application, reducing
integration overhead for pharmacy administrators.

VII. FUTURE ENHANCEMENTS
e Real-time loT-based barcode scanning for automatic stock update on dispensing.
e LSTM and ARIMA-based demand forecasting for improved seasonal accuracy.
e Integration with hospital EHR systems using the HL7 FHIR standard.
e React Native mobile application for on-the-go pharmacist access.
e HIPAA-compliant cloud deployment with AES-256 encryption and audit logging.
e Advanced LLM integration (GPT-4 / LLaMA 3.1) for richer multi-turn chatbot reasoning.
e  Continuous interaction knowledge-base updates via FDA FAERS and OpenFDA APIs.

VIIl.  CONCLUSION
This paper presented Complainex, an Al-driven, predictive, and risk-aware smart pharmacy management system that unifies
inventory automation, machine-learning demand forecasting, drug-interaction detection, and a conversational chatbot on a cohesive
full-stack web platform.
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Evaluation on 36 benchmark prescriptions confirmed an overall accuracy of 83%, with 88% sensitivity for interaction detection—
competitive with specialised pharmacovigilance tools.

By transforming reactive, manual pharmacy operations into proactive, data-driven workflows, Complainex has the potential to
reduce ADR-related hospital admissions, minimise stock wastage, and improve the quality of pharmacist-patient interactions. Future
work will focus on expanding the interaction knowledge base, incorporating advanced forecasting models, and validating the system
in a prospective clinical deployment aligned with HL7 FHIR interoperability standards.
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