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Abstract

Drug-drug interactions (DDIs) present a critical challenge in Algeria’s healthcare system due

to fragmented practices and limited digital infrastructure, contributing to medication errors

and adverse outcomes. MolePure, an AI-driven prescription safety system, tackles these is-

sues with an integrated ecosystem offering DDI detection at all stages—doctor prescribing,

pharmacist dispensing, and patient monitoring. It features a mobile app for patients to track

medications, desktop apps for doctors to manage prescriptions with real-time DDI alerts, and

for pharmacists to ensure safe dispensing, all linked via interoperable APIs prioritizing security

and usability. An AI model, utilizing machine learning and deep learning, enhances interaction

prediction, reducing errors and supporting digital health growth. By fostering collaboration

across stakeholders, MolePure improves patient safety, streamlines workflows, and promotes

safer pharmaceutical practices, aiming to decrease adverse events and elevate care quality in

Algeria’s evolving healthcare landscape.

Keywords: AI-driven system, prescription safety, drug-drug interactions, DDI detection,

healthcare ecosystem, Algerian healthcare.
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Résumé

Les interactions médicamenteuses (IM) représentent un défi majeur dans le système de santé

algérien, où des pratiques fragmentées et une infrastructure numérique limitée entraînent des

erreurs médicamenteuses et des effets indésirables. MolePure, un système de sécurité des pre-

scriptions piloté par l’IA, répond à ces problèmes en proposant un écosystème intégré offrant

une détection des IM à toutes les étapes : prescription par les médecins, dispensation par les

pharmaciens et suivi par les patients. Ce système inclut une application mobile pour les patients

afin de suivre leurs traitements, des applications de bureau pour les médecins pour gérer les

prescriptions avec des alertes en temps réel, et pour les pharmaciens pour assurer une dispensa-

tion sécurisée, le tout connecté via des API interopérables privilégiant la sécurité et la facilité

d’utilisation. Un modèle d’IA, basé sur l’apprentissage automatique et profond, améliore la

prédiction des interactions, réduisant les erreurs et soutenant l’évolution de la santé numérique.

En favorisant la collaboration entre les parties prenantes, MolePure vise à améliorer la sécurité

des patients, optimiser les flux de travail et promouvoir des pratiques pharmaceutiques plus

sûres, contribuant ainsi à diminuer les incidents indésirables et à élever la qualité des soins en

Algérie.

Mots-clés : système piloté par IA, sécurité des prescriptions, interactions médicamenteuses,

détection des IM, écosystème de santé, santé en Algérie.
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General Introduction

The Persistent Challenge of Drug-Drug Interactions: A Global Healthcare Crisis

In modern healthcare, few challenges pose as big threats to patient safety such as drug-

drug interactions (DDIs). These interactions happen when one medication affects how another

medication works when given to the same patient. A drug-drug interaction (DDI) is defined

as a pharmacokinetic or pharmacodynamic influence of drugs on each other, which may result

undesired effects, in reduced efficacy and effectiveness or increased toxicity [1]. The global

scale of this problem is serious: DDIs are estimated to cause 2–5% of hospital admissions in

elderly patients, and 1% of hospital admissions in the general population [2].

The scope of the problem goes beyond individual patient cases. Studies show that preva-

lence of potential DDIs in primary care has been estimated to be high (>60%), although the

numbers are lower when clinically significant DDIs are taken into account (3.8–12%) [3].

These interactions can cause various types of patient harm, including liver damage, bleed-

ing, hearing problems, kidney damage, and dangerous blood sugar changes, often with serious

consequences for patients and their families.

DDIs are a major global problem because, despite being largely predictable and preventable,

they still cause significant clinical and financial harm. They increase hospital stays, treatment

costs, and legal expenses, placing heavy strain on healthcare systems—especially those with

limited resources. The persistence of DDIs stems mainly from poor information sharing be-

tween healthcare providers, particularly when patients see multiple doctors without complete

medication records.

1



General Introduction

The Promise of Connected Healthcare Technology

The modern healthcare landscape is experiencing a digital transformation that offers new

solutions to old problems. Healthcare technology integration has emerged as a key strategy for

addressing the communication gaps that contribute to medication safety issues. The concept

of interoperability, defined as “the ability of two or more systems or components to exchange

information and to use the information that has been exchanged” [4], has become central to

solving healthcare’s fragmented information challenges.

API-driven architectures represent a powerful approach to connecting different healthcare

systems and stakeholders. Application Programming Interfaces (APIs) serve as bridges that

enable secure data exchange between electronic health records, pharmacy systems, and clin-

ical decision support tools [5]. This technological infrastructure allows healthcare providers

to access complete patient information, including medication histories, allergies, and current

prescriptions, regardless of where the patient previously received care.

The benefits of connected healthcare systems go beyond simple data sharing. Research

shows that healthcare interoperability is “essential for better health service management, public

health, quality and safety of care to patients and clinical research” [6]. When healthcare systems

can communicate effectively, providers can make more informed decisions, reduce duplicate

testing, and most importantly, prevent dangerous medication interactions before they occur.

However, the implementation of connected healthcare technology faces significant chal-

lenges. The lack of interoperability in many healthcare systems leads to “redundant, disorga-

nized, disjointed and inadequate” care delivery [6]. This is particularly problematic in develop-

ing healthcare systems where technology adoption may be limited and standardization across

different healthcare providers is often lacking.

Modern healthcare technology solutions are moving beyond individual applications toward

comprehensive ecosystem approaches. Instead of isolated tools, the focus is shifting to plat-

forms that can integrate multiple healthcare functions—from prescription management to pa-

tient monitoring—into unified systems that serve all stakeholders: doctors, pharmacists, and

patients.

2



General Introduction

The Algerian Context and the Central Project Goal

Algeria’s healthcare system presents a unique set of challenges that exemplify the global

DDI management problem while introducing additional complexities specific to developing

healthcare infrastructures. Algeria has a public healthcare system, which is accessible and free

of charge to all citizens of Algeria, serving a population of approximately 46 million people [7].

However, despite global adoption, digital health in Algeria faces multifarious challenges that

inhibit its full-scale development and integration into healthcare services [8].

The fragmentation of Algeria’s healthcare system creates particularly dangerous conditions

for DDI-related incidents. Unlike integrated healthcare systems where patient information

flows seamlessly between providers, Algeria’s healthcare landscape is characterized by dis-

connected prescribing practices, where doctors often lack access to complete patient medi-

cation histories. This problem is compounded by the absence of standardized DDI checking

systems—a critical gap that leaves healthcare providers without essential safety tools that are

considered standard practice in developed healthcare systems.

The communication gap between doctors and pharmacists represents another significant

vulnerability in Algeria’s medication safety infrastructure. Without integrated digital systems,

pharmacists have limited information about prescriptions’ clinical context, other patient med-

ications, or contraindications. Most critically, Algeria lacks comprehensive patient medical

records that follow individuals across different healthcare encounters, meaning patients receive

care from multiple providers without any centralized system to track their complete medication

profile.

Despite Algeria’s efforts to accelerate its digitization progress, the country faces challenges

including an incomplete regulatory framework, a lack of knowledge in using digital service

platforms, and providing connection access to remote areas [8]. The economic implications of

these gaps are substantial, as preventable medication-related problems place significant finan-

cial burden on an already resource-constrained healthcare system.

Our AI-driven prescription safety system addresses these interconnected challenges by pro-

viding the first comprehensive DDI management solution specifically designed for Algeria’s

healthcare context. The system enables real-time drug interaction checking during prescrip-

tion creation, allows pharmacists to verify prescriptions against complete patient medication
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profiles, and empowers patients to maintain comprehensive health records. By leveraging ar-

tificial intelligence for DDI prediction and creating secure communication channels between

healthcare stakeholders, our system transforms the traditionally fragmented prescription pro-

cess into a connected, safety-focused ecosystem that demonstrates how modern technology can

be successfully implemented in developing healthcare systems.

Structure of the Report

This dissertation is structured to provide a comprehensive analysis of our AI-driven pre-

scription safety system, from theoretical foundations to practical implementation.

Chapter 1: Background

Examines global approaches to DDI management systems and provides detailed analysis

of Algeria’s healthcare environment and the technological challenges that shape our design

requirements.

Chapter 2: System Proposal and Requirements Analysis

Articulates our vision for addressing Algeria’s DDI management challenges and establishes

the technical and functional requirements, including system architecture overview with core

components.

Chapter 3: Design

Provides detailed technical specifications including UML modeling, individual application

features, user experience flows, database design, and AI algorithm design for DDI prediction.

Chapter 4: Implementation and Experiments

Demonstrates the practical realization through system technical architecture, development

technologies, API presentation, platform demonstration, and AI experiment results validation.

Chapter 5: Conclusion

Synthesizes our contributions to digital health and DDI management, acknowledging lim-

itations while outlining future development directions and broader implications for healthcare

digitization in developing systems.
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Chapter 1
Background

1.1 Introduction

Drug-drug interactions (DDIs) represent one of the most persistent and costly challenges in

healthcare, contributing to approximately 15-20% of all adverse drug events and resulting in

billions of dollars in preventable healthcare costs annually [9]. Modern pharmacotherapy in-

creasingly involves multiple medications simultaneously, transforming DDI management from

a clinical consideration into a critical patient safety imperative. Algeria’s healthcare landscape

exemplifies challenges faced by developing nations in implementing DDI management sys-

tems, with limited integration between prescribing physicians, dispensing pharmacists, and

patient care coordination [10].

This chapter analyses existing DDI management approaches through a global taxonomy

of current systems, examines challenges and opportunities within the Algerian healthcare con-

text, and establishes the foundation for an ecosystem approach. The analysis examines four

DDI management models, evaluates their effectiveness and limitations, and explores Algeria’s

healthcare and technology landscape to identify improvement opportunities.
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1.2 A Global Taxonomy of DDI Management Systems

1.2.1 Model 1: The Integrated Clinical Decision Support System (CDSS)

Core characteristics and DDI management approach

Clinical Decision Support Systems represent the most sophisticated approach to DDI man-

agement within healthcare institutions. These systems are embedded within electronic health

record (EHR) platforms, providing real-time alerts and recommendations during prescribing

[11]. The core architecture relies on patient data integration, including current medications,

medical history, laboratory results, and demographics, to provide contextually relevant interac-

tion alerts [12].

The DDI management approach operates through rule-based algorithms that monitor medi-

cation orders against interaction databases. When potential interactions are detected, the system

generates alerts with varying severity levels, categorized as contraindicated, major, moderate, or

minor interactions [13]. Implementations incorporate clinical context, such as dosage, timing,

and patient-specific factors like renal function or age, to reduce alert fatigue while maintaining

safety standards.

Representative systems and their DDI handling mechanisms

Epic’s MyChart and EpicCare systems exemplify leading CDSS implementations, incorpo-

rating DDI checking through medication management modules. The Epic platform utilizes

proprietary and licensed drug databases, including First Databank and Medi-Span, to pro-

vide multi-layered interaction screening [14]. DDI alerts are contextualized based on patient-

specific parameters and can be customized by healthcare institutions.

Cerner’s PowerChart platform features DDI management through its Medication Reconcili-

ation and Clinical Decision Support modules. Cerner’s approach emphasizes workflow integra-

tion, presenting DDI alerts within the natural prescribing workflow without disrupting clinical

efficiency [15]. The system supports both passive monitoring and active intervention, allowing

clinicians to override alerts with documented justification while maintaining audit trails.
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Clinical integration benefits and implementation challenges

The primary advantage of CDSS DDI management lies in integration with clinical work-

flows, providing contextual alerts at optimal decision-making moments. Studies demonstrate

that well-implemented CDSS can reduce DDI-related adverse events by 20-50% while improv-

ing medication safety outcomes 20-50% while improving overall medication safety outcomes

[16]. Patient data access enables more accurate risk assessment and personalized recommen-

dations compared to standalone systems.

However, implementation challenges are substantial. Alert fatigue remains persistent, with

clinicians overriding 80-90% of DDI alerts, often due to irrelevant or low-severity warnings

[17]. High implementation and maintenance costs create barriers for resource-constrained

healthcare systems [18]. Additionally, system customization complexity and staff training

requirements can extend implementation timelines and increase adoption resistance among

healthcare providers.

1.2.2 Model 2: The Standalone DDI Database/Checker

Functionality and scope in DDI detection

Standalone DDI database and checker systems represent the most widely accessible ap-

proach to drug interaction screening, operating as independent platforms focused exclusively

on medication safety analysis. These systems maintain drug interaction databases derived from

clinical literature, regulatory submissions, and post-market surveillance data [19]. The core

functionality centers on batch processing of medication lists, where users input current medi-

cations and receive interaction reports with clinical significance assessments.

DDI detection scope encompasses pharmacokinetic and pharmacodynamic interactions,

contraindications, therapeutic duplications, and allergy cross-reactions. Platforms incorporate

severity classification systems based on clinical significance, onset timing, and documentation

quality [20], extending beyond detection to provide mechanism explanations and management

recommendations.

Major platforms and their methodologies

VIDAL, one of Europe’s most widely used pharmaceutical reference platforms, provides
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DDI checking through mobile and web applications. The platform utilizes a database tailored

to European and French pharmaceutical markets [21]. VIDAL’s methodology emphasizes clin-

ical practicality through risk-stratified alerts with mechanism explanations and evidence-based

management recommendations. The system has gained adoption among Algerian healthcare

professionals due to its French-language interface and inclusion of medications commonly

available in the Algerian pharmaceutical market

DrugBank represents an open-access pharmaceutical knowledge base providing DDI infor-

mation alongside drug characterization data. The platform employs interaction documentation,

integrating molecular-level drug information with clinical evidence from peer-reviewed litera-

ture [22]. DrugBank’s methodology focuses on mechanism-based interaction prediction, utiliz-

ing molecular structure analysis and pathway mapping to identify potential interactions beyond

those documented in clinical studies.

Limitations in workflow integration and real-time decision support

Despite databases and analysis capabilities, standalone DDI checkers face workflow inte-

gration limitations. The primary constraint lies in their disconnection from patient care pro-

cesses, requiring manual medication list entry and lacking access to real-time patient data [23].

This creates workflow disruptions where clinicians must actively seek interaction checking

rather than receiving alerts at natural decision points.

The absence of real-time decision support represents another limitation, as standalone sys-

tems cannot provide alerts during prescribing or monitor for newly identified interactions as

regimens evolve. Studies show that manual consultation leads to inconsistent usage patterns,

with interaction checking occurring in less than 30% of appropriate clinical scenarios [24]. The

lack of integration with electronic prescribing systems prevents automatic updating of interac-

tion assessments and limits incorporation of patient-specific factors such as genetic variations

or organ function status [25].

1.2.3 Model 3: Advanced AI and Predictive Analytics Platforms

Machine learning approaches to DDI prediction

AI and predictive analytics platforms represent the evolution of DDI management systems,

leveraging machine learning methodologies to predict drug interactions beyond traditional rule-
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based approaches. The approach involves training models on pharmaceutical and clinical

datasets to identify interaction patterns not apparent through conventional analysis methods

[26]. These systems employ supervised learning approaches, where models learn from known

drug interaction pairs, and unsupervised techniques that discover hidden patterns in drug be-

havior and molecular characteristics.

Unlike static database systems, AI-driven platforms can generalize from existing interac-

tion knowledge to predict potential interactions for novel drug combinations, including newly

approved medications with limited clinical interaction data [27]. This predictive capability is

valuable in identifying rare or previously unrecognized interactions in polypharmacy scenarios.

Current AI methodologies and algorithms in use

Natural language processing (NLP) techniques extract DDI information from unstructured

clinical literature, electronic health records, and adverse event reports. NLP models, includ-

ing transformer-based architectures like BERT, identify interaction mentions, extract severity

classifications, and synthesize evidence from multiple textual sources [28]. These systems pro-

cess biomedical literature to continuously update interaction databases with newly published

findings.

Machine learning algorithms including support vector machines (SVM), Naive Bayes, lo-

gistic regression, XGBoost, LightGBM, convolutional neural networks (CNNs), and LSTM

networks model drug interaction patterns using various feature representations [29]. Deep

learning approaches, particularly neural networks, capture non-linear relationships between

drug characteristics and interaction outcomes. Ensemble methods like XGBoost have shown

promising results in DDI prediction tasks [30].

Content-based feature approaches utilize intrinsic drug properties as predictive features.

These systems integrate molecular descriptors, pharmacological properties, chemical finger-

prints, drug target information, and metabolic pathway data to characterize drugs and predict

their interaction potential [31]. BContent-based approaches can predict interactions for new

drug combinations even when limited clinical interaction data is available [32].

Research advances and technological capabilities

Recent research advances have focused on multi-modal learning approaches that integrate
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diverse data sources including genomics, proteomics, clinical outcomes, and real-world evi-

dence to enhance DDI prediction accuracy [33]. Feature engineering techniques, including

dimensionality reduction and feature selection methods, help identify the most predictive drug

characteristics while reducing computational complexity.

Explainable AI (XAI) methodologies are being integrated into DDI prediction systems to

provide interpretable insights into interaction mechanisms and risk factors. Attention-based

models help clinicians understand which molecular features or drug combinations contribute

most significantly to predicted interactions [34].

Limitations and accuracy challenges

AI-based DDI prediction systems show promise, but several considerations affect their clin-

ical implementation. Data quality and completeness influence model performance, as interac-

tion databases require continuous updating with emerging clinical evidence [35]. Prediction

models must balance sensitivity and specificity to provide clinically useful recommendations

while minimizing false alerts.

The evolving nature of pharmaceutical knowledge necessitates ongoing model validation

and updates to incorporate new interaction discoveries and changing clinical understanding

[36]. These considerations highlight the importance of developing validation frameworks and

maintaining flexibility in AI system design.

1.2.4 Model 4: Patient-Centered mHealth Applications

Consumer-facing DDI management features

Patient-centered mobile health applications shift DDI management by enabling patients to

participate in their medication safety through mobile platforms. These applications provide

DDI checking capabilities, allowing patients to input their medications and receive interaction

alerts and safety recommendations [37]. The approach includes interfaces that present pharma-

ceutical information using visual indicators, severity ratings, and plain-language explanations.

Health DDI applications incorporate medication databases that include prescription drugs,

over-the-counter medications, dietary supplements, herbal products, and foods. Applications

use barcode scanning and drug recognition features to simplify medication entry [38]. Many
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platforms integrate with pharmacy systems and electronic health records to populate medication

lists automatically.

Patient engagement and medication safety tools

Patient-centered mHealth applications incorporate medication management features includ-

ing medication reminders, dosage tracking, refill notifications, and side effect monitoring [39].

DDI checking integrated within medication management workflows ensures that interaction

monitoring becomes part of patients’ medication routines.

Educational components provide information about interaction mechanisms, symptoms to

monitor, and actions when interactions are identified. Applications include risk assessments

considering patient factors such as age, medical conditions, and medication history [40]. Plat-

forms incorporate communication features enabling patients to share interaction alerts and

medication lists with healthcare providers.

Clinical accuracy and professional oversight concerns

Patient-centered DDI applications present both opportunities and challenges for medica-

tion safety. These applications provide safety nets by enabling patients to identify interactions

that may be overlooked in clinical settings, but concerns exist regarding clinical validation of

interaction databases and patient-initiated medication adjustments [41].

Professional oversight considerations are important because patients may misinterpret in-

teraction alerts or make medication changes without consulting healthcare providers. Patient-

centered DDI applications address these concerns by emphasizing professional consultation,

providing guidance on when to contact healthcare providers, and avoiding recommendations

that could encourage discontinuing prescribed medications without medical supervision [42].

Successful platforms establish boundaries between patient empowerment and professional med-

ical decision-making, using technology to enhance rather than replace the patient-provider re-

lationship [43].

1.2.5 Comparative Analysis and Gaps

Comparison across the four models reveals strengths and limitations. CDSS platforms show

20-50% reductions in DDI-related adverse events [44]. but alert fatigue compromises effec-
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tiveness with override rates reaching 80-90%. Standalone DDI checkers provide databases but

show limited impact due to workflow disconnection, with utilization rates below 30% [45]. AI

platforms achieve prediction accuracies exceeding 90% in studies, but real-world validation

remains limited [46].

Integration challenges exist across all models. CDSS platforms require integration with

hospital systems, creating implementation costs that exceed institutional capabilities in resource-

constrained environments [47]. Standalone systems face workflow disruptions. AI platforms

encounter challenges with data quality, model validation, and updates. The lack of interfaces

creates inconsistent interaction checking across care points [48].

Each model addresses DDI management aspects while leaving gaps. CDSS platforms ex-

cel in clinical integration but suffer from costs and alert fatigue. Standalone systems provide

databases but lack workflow integration. AI platforms offer prediction capabilities but face

validation challenges. Patient-centered mHealth applications enhance engagement but raise ac-

curacy concerns [49].No single model addresses medication safety across the management pro-

cess [50]. This fragmentation highlights the need for approaches combining model strengths.

1.3 The Algerian Reality: Healthcare, Technology, and Sys-

tem Integration Challenges

1.3.1 Healthcare System Structure and DDI Management Practices

Algeria’s healthcare system operates through public and private sectors, with public services

provided through polyclinics, hospitals, and medical centers across 58 provinces [51]. Current

workflows are fragmented with limited integration between prescribing physicians and dispens-

ing pharmacists. Physicians provide handwritten prescriptions that patients carry to pharma-

cies, where medications are dispensed based on prescription legibility and availability rather

than interaction checking [52]. Without electronic prescribing systems, medication histories

and adverse reactions are rarely accessible

DDI detection relies on individual practitioner knowledge rather than screening. While

healthcare professionals access resources like VIDAL through mobile applications, utilization

remains inconsistent and depends on individual initiative rather than institutional protocols
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[53]. Communication gaps exist between healthcare stakeholders, as integrated systems be-

tween hospitals, primary care centers, and pharmacies are lacking. Medication changes and

interaction concerns are rarely communicated across care transitions [54]. This creates oppor-

tunities for DDIs to emerge undetected, particularly in patients receiving care from multiple

providers.

1.3.2 Technology Infrastructure and Digital Health Landscape

Algeria’s digital health landscape reflects investments in telecommunications infrastructure.

Internet penetration has reached 60% of the population, while mobile phone adoption exceeds

85% [55]. Digital health initiatives include pilot projects for electronic health records in major

hospitals and telemedicine for remote areas. The Ministry of Health has launched digitization

programs for healthcare data management, though implementation varies across regions [56].

Most providers still rely on paper-based systems.

Smartphone adoption has grown, with over 70% of mobile users accessing internet through

mobile devices [57]. This creates opportunities for mHealth applications, while 4G networks

provide infrastructure for real-time data exchange. The regulatory environment is evolving

to accommodate digital health innovations while maintaining safety protections. Recent leg-

islation on data protection and medical devices provides a framework for health technology

implementation, though guidelines for mobile health applications and AI systems are under

development [58]. The regulatory approach emphasizes patient safety while encouraging inno-

vation.

1.4 Justification for an Integrated Ecosystem Approach

1.4.1 Limitations of Current Models in the Algerian Context

Implementation of existing DDI management models in Algeria faces constraints that limit ef-

fectiveness and sustainability. CDSS systems demand capital investments in electronic health

record platforms, network infrastructure, and technical support that exceed the financial capac-

ity of many Algerian healthcare institutions [59]. Resource allocation priorities emphasizing

basic medical services often preclude investments required for clinical decision support imple-

mentation.
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Standalone DDI databases and mobile applications, such as VIDAL, while more acces-

sible than integrated CDSS systems, present their own implementation challenges. Despite

widespread VIDAL adoption among Algerian healthcare professionals due to its French-language

interface and inclusion of medications commonly available in the Algerian market [60], these

platforms suffer from workflow integration issues that limit clinical effectiveness. Standalone

systems require manual medication list entry and lack access to real-time patient data, creating

workflow disruptions [61].

Algeria’s fragmented healthcare communication systems compound these limitations, as

standalone platforms cannot bridge communication gaps between prescribing physicians and

dispensing pharmacists [62]. Healthcare professionals must actively seek interaction checking

rather than receiving alerts at decision points. This manual consultation approach occurs in less

than 30% of clinical scenarios, leaving many potential interactions undetected [63].

1.4.2 The Ecosystem Advantage

Multi-stakeholder integration recognizes that medication safety is a collaborative process in-

volving physicians, pharmacists, and patients throughout the medication management contin-

uum. An ecosystem approach addresses communication gaps in Algeria’s healthcare system by

providing shared platforms for medication information exchange, interaction alerts, and safety

monitoring [64]. This ensures DDI detection and management occur at multiple points in the

medication use process, creating safety checks while distributing responsibility across partici-

pants.

AI-driven prediction enhanced by data sharing represents an ecosystem advantage, as ma-

chine learning algorithms perform optimally when provided with diverse datasets reflecting

real-world medication use patterns. By integrating data from prescribing decisions, dispens-

ing records, patient adherence monitoring, and adverse event reporting, an ecosystem approach

creates datasets enabling accurate DDI prediction and risk assessment [65]. In Algeria, this

addresses current fragmentation of medication information across healthcare providers, cap-

turing medication histories from multiple sources and providing a view of patient medication

exposure currently unavailable [66].

Scalability and sustainability advantages stem from distributed architecture and shared re-
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source utilization. Rather than requiring each healthcare institution to implement independent

DDI management systems, the ecosystem approach leverages cloud-based infrastructure and

shared databases that distribute costs across multiple users while providing functionality [67].

This model is advantageous for Algeria’s healthcare environment, where individual institutions

may lack technical or financial resources for independent system implementation [68].

1.5 Conclusion

This chapter explored global drug-drug interaction (DDI) management systems across four

distinct models: integrated Clinical Decision Support Systems (CDSS), standalone interaction

databases, AI-driven predictive platforms, and patient-centered mHealth applications. Each

model exhibits critical limitations—whether in integration, real-time usability, predictive accu-

racy, or professional oversight. No single approach fully addresses DDI prevention complexi-

ties across the entire medication lifecycle.

The chapter proposed the ecosystem approach as a contextually grounded alternative. By

integrating multiple stakeholders and leveraging AI within a data-rich environment, this ap-

proach offers enhanced predictive accuracy, improved coordination, and scalable infrastructure

tailored to Algeria’s healthcare realities. This foundation sets the stage for designing a robust,

AI-driven DDI management system capable of bridging existing gaps and aligning with the

country’s digital health ambitions.
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System proposal and requirement analysis

2.1 Introduction

Here, we lay out the groundwork for an AI-powered healthcare platform focused on keeping

patients safe in Algeria by preventing harmful drug interactions. Well cover the vision and

mission behind the project, dive into the functional and non-functional requirements for pa-

tients, doctors, and pharmacists, and sketch out the systems architecture, highlighting its main

components: the pharmacy and doctor desktop apps, the patient mobile app, and the AI engine

driving drug interaction predictions.

2.2 Vision and Mission

Our vision is to revolutionize patient safety in Algeria’s healthcare system through an inte-

grated, AI-driven ecosystem that connects patients, healthcare providers, and pharmacists to

prevent drug-drug interactions and enhance clinical outcomes. Our mission is to design and

implement a comprehensive healthcare platform leveraging advanced artificial intelligence and

API-driven architectures to enhance patient safety through AI-powered drug interaction de-

tection, improve system interoperability via secure standardized APIs, empower stakeholders

with intuitive role-specific interfaces, support scalability and accessibility across urban and ru-

ral regions, and ensure compliance with Algerian data protection laws and international health

standards, ultimately creating a transformative digital health model for Algeria and the broader

North African region.
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2.3 Requirements Specification

The goal of this project is to develop an intelligent digital platform that facilitates the detection

of potential drug-drug interactions (DDIs) using AI, while improving coordination between

patients, doctors, and pharmacists. This platform consists of a mobile application for patients

and a desktop interface for healthcare professionals. The system aims to be scalable, secure,

and aligned with medical data privacy standards. We distinguish between two types of require-

ments:

• Functional Requirements: Describe what the system should do (features and capabili-

ties).

• Non-Functional Requirements: Describe how the system should behave (usability, per-

formance, security, etc.).

2.3.1 Functional Requirements

1a. For Patients (Mobile Application) The platform must allow patients to:

• User Registration and Authentication: Patients must be able to securely regis-

ter and authenticate using their email, phone number, and password. The system

verifies the uniqueness of contact information and stores credentials safely.

• Medication Interaction Checker:Patients can input one or multiple medications

to check for potential interactions. The AI-powered engine analyzes drug combina-

tions and provides detailed risk levels (Major, Moderate, Minor), with appropriate

explanations and precautionary advice.

• View and Manage Prescriptions: Patients can view their current and historical

prescriptions, including drug names, dosages, frequencies, and usage instructions.

• Medical Reminder System: Patients can set reminders for medication intake and

mark them as completed to maintain adherence.

• Consent-Based Data Sharing: Patients receive and respond to access requests
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from doctors and pharmacists. Only after approval can these users view sensitive

information, ensuring control over medical data and patient privacy.

• Profile and Medical Info Management: Patients can update their profile, medical

conditions, allergies, and notes from the app interface.

1b. For Doctors (Desktop App)The platform must allow doctors to:

• Secure Login and Role-Based Access:Doctors must log in securely and access a

dedicated dashboard tailored to their medical practice.

• Patient Management:Doctors can add patients using insurance numbers or QR

codes, search and manage their medical information, and view their prescription

history.

• Prescription Creation and Interaction Alerts:Doctors can create new prescrip-

tions for patients. Before confirmation, the system checks for possible interactions

using the AI model. If a conflict is detected, the doctor is alerted and may override

it if justified.

• Medication Search:Doctors can search for medications from a centralized database

when writing a prescription. Medication details such as scientific name, dosage

form, and instructions are displayed for reference.

• Prescription Modification and Validation:Doctors can edit or validate prescrip-

tions in real-time, and each action is tracked for audit purposes.

1c. For Pharmacists (Desktop Application)The platform must allow pharmacists to:

• Authentication and Account Access:Pharmacists must securely log in using their

credentials and access features based on their role.

• Manage and Search Patients:Pharmacists can register new patients or search ex-
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isting ones using insurance numbers. They can only view profiles once access is

granted by the patient.

• Prescription Verification and Validation:Pharmacists review doctor-issued pre-

scriptions and validate them before dispensing. The system ensures that no medi-

cation is delivered without pharmacist approval.

• Check OTC Medication Interactions:Pharmacists can enter non-prescribed drugs

a patient wants to purchase. The system checks for interactions using the AI model

before proceeding with the sale.

• Inventory Management:Pharmacists can view, add, update, and remove medica-

tion products from stock. The platform also supports product search and sends

low-stock alerts.

• Doctor Profile Access:Pharmacists can view or update their professional profile

and settings.

2.3.2 Non-Functional Requirements

The application must also meet the following non-functional requirements:

• Security and Privacy:The system must ensure that medical data is securely stored and

accessed only by authorized users. Patient data sharing is only allowed after explicit

consent, and all actions are logged for traceability.

• Performance: The platform must respond quickly to user actions, especially when

checking for drug interactions. Delays should be minimal to support smooth medical

workflows.

• Scalability The architecture must support an increasing number of users and data with-

out performance loss. It should also be ready for future upgrades and added features.

• Reliability: The platform must maintain high availability and minimize downtime. Es-

sential features must remain operational, especially during emergencies.

• Usability: The interface should be simple and accessible to both patients and health-
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care professionals. Clear navigation and multilingual support (Arabic and French) are

essential.

• Responsiveness: The mobile app must be fully responsive, adapting to different screen

sizes and devices without issues.

• Legal Compliance: The platform must follow Algerian laws on data protection and align

with health data confidentiality standards.

2.4 System Architecture Overview

2.4.1 Introduction

The proposed system architecture represents a comprehensive, integrated healthcare ecosystem

designed to revolutionize medication safety through intelligent drug-drug interaction (DDI)

prediction and management. At its core, the system orchestrates seamless communication

between healthcare providers, pharmacists, and patients while leveraging advanced artificial

intelligence to predict and prevent potentially harmful drug interactions.

The architecture operates on the principle of collaborative healthcare management, where

each stakeholder has access to specialized tools tailored to their specific roles and responsi-

bilities. Doctors utilize sophisticated prescribing interfaces that provide real-time interaction

checking, pharmacists employ comprehensive validation systems for prescription processing,

and patients benefit from personalized medication management tools that keep them informed

and engaged in their treatment process.

The system’s intelligence is powered by a centralized AI model that continuously ana-

lyzes medication combinations, patient profiles, and clinical data to provide accurate DDI

predictions. This creates a dynamic safety net that operates across all points of medication

management—from initial prescription to final dispensing and ongoing patient monitoring.
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2.4.2 Core Components

2a. Pharmacy Desktop Application The pharmacy desktop application serves as the pri-

mary interface for pharmacists to manage prescriptions, validate drug interactions, and

coordinate patient care. This component provides comprehensive tools for prescription

processing while ensuring medication safety through intelligent DDI screening.

Key Functionalities:

• Prescription processing and validation with automated safety checks

• Real-time DDI screening and alerts powered by the AI model

• Patient medication history management

• Inventory management and drug information database

• Comprehensive reporting and analytics dashboard for clinical decision support

The application receives electronic prescriptions and immediately processes them through

the AI model to identify potential interactions with the patient’s existing medications.

When DDIs are detected, pharmacists receive detailed alerts with severity assessments,

clinical recommendations, and suggested alternatives. The system maintains complete

patient profiles that extend beyond prescription history to include documented allergies,

previous adverse reactions, and patient-reported medications from the mobile applica-

tion.

2b. Doctor Desktop Application The doctor desktop application empowers healthcare providers

with intelligent prescribing capabilities and comprehensive patient management tools.

This component facilitates evidence-based prescribing decisions by integrating DDI check-

ing directly into the clinical workflow.

Key Functionalities:

• Electronic prescribing with embedded DDI checking through real-time AI model

21



Chapter 2. System proposal and requirement analysis

integration

• Patient medical history and medication review with comprehensive interaction anal-

ysis

• Clinical decision support system integration providing detailed interaction mecha-

nisms and alternatives

• Drug interaction alerts and alternative medication suggestions ranked by therapeutic

equivalence

• Patient monitoring and follow-up management with automated safety protocols

• Integration with Electronic Health Record (EHR) systems for seamless workflow

adoption

The application continuously evaluates prescription combinations against the patient’s

complete medication profile as physicians make prescribing decisions. When potential

DDIs are identified, the system provides detailed clinical context including interaction

mechanisms, severity assessments, and management recommendations.

2c. Patient Mobile Application The patient mobile application provides patients with in-

telligent medication management tools. This component empowers patients to become

active participants in their medication safety while providing healthcare teams with valu-

able adherence and safety data.

Key Functionalities:

• Personal medication tracking and reminder system with intelligent scheduling

• Drug interaction awareness tailored to individual medication regimens

• Medication adherence monitoring with pattern analysis and intervention sugges-

tions

• Health data logging and medical history

The application maintains a comprehensive medication inventory including all prescrip-
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tions, automatically updating when new ones are filled. The patients can check medica-

tions and the AI model immediately assesses potential interactions and provides clear,

understandable safety information.

2d. AI Model for DDI Prediction The AI model represents the intelligent core of the system,

providing advanced drug-drug interaction prediction capabilities that power all safety

assessments across the platform. This component incorporates sophisticated machine

learning algorithms to analyze medication combinations and generate personalized inter-

action predictions.

Key Functionalities:

• Machine learning-based DDI prediction using comprehensive pharmaceutical and

clinical datasets

• Risk assessment and severity classification with confidence scoring for clinical de-

cision support

• Integration with pharmaceutical databases and research literature for current inter-

action knowledge

• Real-time processing and response generation to support immediate clinical decision-

making

The AI model processes multiple data streams simultaneously. The system goes beyond

documented interactions by analyzing molecular structures and metabolic pathways to

predict potential interactions between drug combinations with limited clinical study data.

The model can continuously refine predictions and adapt to emerging interaction patterns.

2.4.3 System Integration and Unified Operation

3a. Comprehensive Data Flow and Inter-Component Communication The system oper-

ates as a unified ecosystem where information flows seamlessly between all components,

creating a comprehensive safety network that spans the entire medication management
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process. This integration ensures that critical safety information is available to all stake-

holders at precisely the right moment in their respective workflows.

Prescription Initiation and Safety Screening: The process begins when a physician

starts prescribing new medications, each potential addition is continuously evaluated

against the patient’s existing regimen. The AI model processes these combinations in

real-time, considering drug-drug interactions. When the physician finalizes a prescrip-

tion, the system generates a comprehensive safety profile that accompanies the prescrip-

tion to the pharmacy. This profile includes interaction assessments.

Pharmacy Validation and Dispensing Process: Upon receiving the electronic prescrip-

tion, the pharmacy desktop application immediately cross-references the prescribed med-

ication against the most current patient medication profile. The AI model performs a

fresh analysis incorporating any new medications the patient may have started. If new

interactions are identified or if the interaction profile has changed since prescription, the

pharmacy system alerts the pharmacist. This creates a collaborative consultation envi-

ronment where both healthcare providers can resolve safety concerns before medication

dispensing occurs. The pharmacy application also considers practical factors such as

drug availability and therapeutic alternatives when interaction issues arise.

Patient Engagement and Ongoing Monitoring: Once a prescription is dispensed, the

patient’s mobile application automatically updates with the new medication information.

The mobile application provides patients with personalized education about their new

medication. Additionally, patients can search for medications and check for interactions

when purchasing supplements over the counter, enabling them to make informed deci-

sions before adding new medications to their regimen.

Benefits of the Integrated Architecture This comprehensive system architecture cre-

ates a transformative approach to medication safety management that extends far beyond

traditional interaction checking systems. The integrated design produces several critical

advantages:

Enhanced Patient Safety Through Multi-Point Verification: The system creates mul-

tiple safety checkpoints throughout the medication management process, from initial

prescribing through ongoing patient monitoring. This redundant safety approach sig-
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nificantly reduces the likelihood that dangerous drug interactions will go undetected, as

each component serves as both a primary safety tool and a backup verification system for

the others.

Patient Empowerment and Engagement: By providing patients with comprehensive,

understandable information about their medications and potential interactions, the sys-

tem transforms patients from passive recipients of care into active participants in their

medication safety. This engagement improves adherence, reduces adverse events, and

enhances overall treatment effectiveness.

Seamless Clinical Workflow Integration: The architecture recognizes that successful

implementation requires minimal disruption to existing healthcare practices. Each com-

ponent is designed to enhance rather than replace current workflows, ensuring that safety

improvements do not come at the cost of clinical efficiency or provider satisfaction.

This integrated approach represents a fundamental shift from reactive interaction man-

agement to proactive, comprehensive medication safety that spans the entire healthcare

ecosystem while maintaining focus on practical implementation and real-world effective-

ness.

2.5 Conclusion

We’ve mapped out the foundation for a game-changing healthcare platform aimed at boosting

medication safety across Algeria. By setting a clear vision and mission, spelling out detailed re-

quirements for all users, and outlining a cohesive system architecture with tailored components

for pharmacies, doctors, patients, and AI-driven interaction checks, we’ve created a solid start-

ing point. This framework paves the way for a system that encourages collaboration, prioritizes

patient safety through smart drug interaction management, and ensures scalability, security, and

alignment with healthcare standards, readying us for the next steps in development and rollout.
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3.1 Introduction

The design phase translates the proposed system architecture into practical models that define

how each component functions and interacts. It establishes a coherent framework in which

doctors and pharmacists operate through dedicated desktop applications, patients manage their

health via a mobile interface, and all stakeholders are supported by an AI engine for drug–drug

interaction prediction. This stage ensures that the system meets user needs while maintaining

integration, security, and consistency across the healthcare process.

This chapter introduces the design of the system through its main elements. It outlines

the features of each application, presents user experience flows, and employs UML diagrams

to formalize system behavior and structure. The chapter also covers dataset design and the

selection of AI algorithms for interaction prediction, providing a comprehensive blueprint that

prepares the system for implementation.

3.2 Individual Application Features

This section describes the specific features of each part of our AI-driven prescription safety

system. Our system has two main applications: desktop app for doctors and pharmacists, and

a mobile app for patients. Each app has features designed for its specific users while working

together to prevent dangerous drug interactions.
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3.2.1 Desktop Application

The desktop application serves both healthcare providers - doctors and pharmacists - with

shared core functionalities and role-specific features. Both user types use the same interface

design and security protocols while accessing features appropriate to their professional roles.

Patient Search and Access Management: Both doctors and pharmacists start by searching

for patients using their insurance number. After finding the patient, they send an access request

to the patient’s phone. The patient gets a notification inside their mobile app and can approve

or reject the request. This system makes sure patients control who can see their medical in-

formation while letting healthcare providers deliver proper care when needed. The pharmacy

side includes additional security features to verify patient identity during medication pickup

and ensure prescription authenticity to prevent fraud.

Patient Information Viewing: When a patient approves the healthcare provider’s request,

both doctors and pharmacists can see important patient information including full name, height,

weight, date of birth, blood type, allergies, medical conditions, and gender. This information

helps doctors choose the right medications and avoid prescribing drugs that could cause allergic

reactions or interact badly with the patient’s health conditions. For pharmacists, this same in-

formation enables appropriate medication counseling and helps identify potential issues during

dispensing.

Prescription Creation and Management: Both doctors and pharmacists can add multiple

medications to one prescription and include detailed instructions like how much to take, how

often, and whether to take it with food or on an empty stomach. The system has a search feature

to find medications quickly and keeps a record of all prescriptions created for future reference.

Doctors primarily use this for creating new prescriptions for patients, while pharmacists can

create prescriptions when authorized and can view all prescriptions waiting to be filled with

clear status indicators (new, partially filled, or completed).

Integrated DDI Checking System: When either doctors or pharmacists try to save a pre-

scription, our AI system checks for dangerous drug interactions using the same algorithms and

safety standards. If it finds any problems, it shows a warning with details on how serious the

interaction is, what could happen to the patient, and what the healthcare provider should do.

The user then has the option of picking a different medication than the one causing the dan-
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gerous interaction or continuing with the prescription process. For pharmacists, this serves as

a secondary safety check that complements the initial screening performed during prescription

creation, including analysis of over-the-counter medications and supplements.

3.2.2 Mobile Application

The mobile application lets patients control their medical information and track their medica-

tions.

Access Control and Privacy Management: Patients use the mobile app to control who

can see their medical information. When doctors or pharmacists request access, patients get

notifications inside the app and can approve or deny the request. The app keeps a log of who

has requested access and when, so patients know exactly who has seen their information and

can trust the system.

Personal Health Information Management: Patients can view and update their personal

information like allergies, medical conditions, and basic details through the mobile app. When

patients make changes, the updates show up immediately in the doctor and pharmacy apps, so

healthcare providers always have the most current information when making treatment deci-

sions.

Prescription and Medication Viewing: Patients can see all their current and past prescrip-

tions through the mobile app. The app shows medication information including how much to

take, when to take it, and any important notes. This helps patients keep track of their medica-

tions and understand their treatment.

3.2.3 Cross-Application Integration Features

Unified System Integration: The desktop and mobile apps work together using the same pa-

tient information, so when something changes in one app, it updates for all other users immedi-

ately. The AI system that checks for drug interactions works the same way everywhere, using

the same safety standards whether a doctor or pharmacist creates the prescription. The system

keeps detailed records of everything that happens for accountability and tracks all information

in real-time to prevent dangerous gaps in patient care.
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3.3 User Experience Flows

The following flowcharts illustrate the operational workflows for each of the three main user

interfaces within the proposed DDI prediction system. These diagrams demonstrate how dif-

ferent stakeholders—patients, pharmacists, and doctors—interact with their respective appli-

cations and how the system facilitates medication safety through structured decision-making

processes. Each flowchart maps the user journey from authentication through core functionali-

ties, highlighting the integration of AI-powered DDI checking at critical decision points. These

workflows represent the practical implementation of the system architecture, showing how the-

oretical safety mechanisms translate into real-world user experiences and clinical workflows.

3.3.1 Patient Mobile Application Workflow

This flowchart depicts the patient-centered workflow within the mobile application, beginning

with user authentication and branching into the application’s core functionalities. The workflow

demonstrates how patients can access various features including profile management, notifica-

tion handling, medication searching, interaction checking, and medication management. A

key component of this workflow is the medication reminder system, which includes a decision

point for reminder activation and subsequent notification delivery. The flowchart emphasizes

patient empowerment through self-service medication management tools and proactive inter-

action checking capabilities.
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Figure 3.1: Patient Mobile Application Workflow

3.3.2 Pharmacy Desktop Application Workflow

This flowchart illustrates the pharmacist’s operational workflow within the desktop application,

starting with professional authentication and expanding into comprehensive pharmacy manage-

ment functions. The workflow encompasses multiple parallel processes including dashboard

analytics, medication search and interaction checking, client management, inventory control,

and profile management. The central process focuses on prescription dispensing, which in-

cludes a critical decision point for interaction detection. When interactions are identified, the

system generates alerts; when no interactions are found, prescriptions proceed to dispensing.

This workflow demonstrates how the system integrates safety checks into routine pharmacy

operations while maintaining operational efficiency.
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Figure 3.2: Pharmacy Desktop Application Workflow

3.3.3 Doctor Desktop Application Workflow

This flowchart represents the physician’s workflow within the desktop application, beginning

with medical professional authentication and branching into clinical management functions.

The workflow includes dashboard access, medication search and interaction analysis, patient

management, appointment scheduling, and profile management. The core prescribing process

incorporates a critical safety checkpoint where the AI model evaluates potential drug interac-

tions. Based on this analysis, the system either saves the prescription (when no interactions

are detected) or generates interaction alerts (when potential DDIs are identified). This work-

flow demonstrates how clinical decision support is seamlessly integrated into the prescribing

process, enhancing medication safety without disrupting established clinical practices.

31



Chapter 3. Design

Figure 3.3: Doctor Desktop Application Workflow

3.4 UML diagrams

UML diagrams serve as an effective tool for understanding the structure, functionalities,and

behavior of the system. They help visualize how different users—such as patients, doctors, and

pharmacists—interact with the platform, as well as how internal components are organized and

communicate with each other. This section includes three main types of diagrams

Use Case Diagrams: To show how users such as patients, doctors, and pharmacists interact

with the system and what functionalities are available to each. Class Diagram: To describe the

static structure of the system, including entities, their attributes, and relationships. Sequence

Diagrams: To demonstrate the flow of interactions between different system components in

specific scenarios, such as adding a prescription or checking for drug interactions.
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These diagrams form a key reference for the implementation phase and help ensure shared

understanding among development team members and stakeholders.

3.4.1 Use Case Diagrams
Patient use case and Detailed Specification The figure 3.4 illustrates the use cases of

the Patient.

Figure 3.4: the use case of Patient.
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Actor Functionalities

Patient
• Authentication: Login to the mobile application securely.

• Medication Management: View current prescriptions and medication de-

tails.

• Interaction Checking: Use AI-powered system to check for harmful drug

interactions.

• Authorization of Access Requests: Approve or deny doctor/pharmacist ac-

cess to medical profile.

• Medication Reminders: View medication reminders and mark them as com-

pleted.

• Profile Settings: View and edit personal profile data.

Table 3.1: Detailed Description of Patient use case
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Doctor use case and Detailed Specification

The figure 3.5 illustrates the use cases of the Doctor.

Figure 3.5: the use case of Doctor.
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Actor Functionalities

Docteur
• Authentication: Login to the platform using personal credentials.

• Manage Patients: Add patients using insurance number or QR code, search,

or delete patients.

• View Patient Profile: Access medical history and previous prescriptions for

each patient.

• Prescription Writing: Assign medications with automatic interaction

checking using the AI engine.

• Schedule Appointments: Create, edit, or view appointment schedules.

• Check Medication Interactions: Run real-time interaction checks between

medications.

• Monitor Dashboard & Statistics: Access alerts and performance analytics

in a medical-oriented dashboard.

• Doctor Profile Settings: View and edit personal profile information.

Table 3.2: Detailed Description of Doctor use case
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Pharmacists use case and Detailed Specification

The figure 3.6illustrates the use cases of the Pharmacists.

Figure 3.6: the use case of Pharmacists.
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Actor Functionalities

Pharmacist
• Authentication: Secure login to the pharmacist interface.

• Manage Patients: Add new patients via QR or insurance number, or

search existing profiles.

• View Patient Profile: Access prescriptions after patient approval.

• Prescription Validation: Approve prescriptions after verifying drug

safety with the AI engine.

• OTC Interaction Checking: Check interactions for over-the-counter

medications without prescriptions.

• Inventory Control: Add, update, delete, and search stock in the phar-

macy.

• Monitor Dashboard & Statistics: Track pharmacy activity, interactions,

and stock alerts.

• Pharmacist Profile Settings: Manage and update profile information.

Table 3.3: Detailed Description of Pharmacists use case

3.4.2 Class Diagrams

The figure 3.7 our class diagram illustrates the data model of the system. Specifically, our class

diagram is a conceptual data model (CDM) that represents the data required for the proper

implementation of the various features to be offered by our website.
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Figure 3.7: our class diagram.
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Class Diagram Overview

The class diagram outlines the main components of the drug interaction detection system

and how they interact. It models the key entities, their attributes, and the relationships between

them.

The Patient, Doctor, and Pharmacist classes represent the main user roles, each with

personal and professional data, along with actions such as registration, login, and profile man-

agement. Patients can update their medical information, while doctors and pharmacists manage

prescriptions and drug verification.

Prescription links doctors, patients, and optionally pharmacists. It includes issue dates,

status, and notes. Each prescription contains multiple Prescribed Medications, which detail

dosage and instructions.

The Medication class maintains drug information, used both in prescriptions and in in-

teraction checks. Detected interactions between drugs are captured in the Interaction class,

specifying type and severity.

Access to patient data is regulated through the Access Request class, where doctors or

pharmacists request permission, and patients approve or deny.

Together, these classes form the system’s core, enabling prescription management, drug

safety checks, and secure access control.

3.4.3 Sequence diagram

The following sequence diagrams briefly illustrate how users (doctor, patient, pharmacist) in-

teract with the system in key scenarios. These diagrams provide a clear view of how core

functionalities are executed, such as adding a prescription, checking for drug interactions, reg-

istering a new user, or requesting access to a patient’s medical profile.
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Sequence diagram and Detailed Description: register

Figure 3.8: Sequence Diagram for the "regester" Use Case .
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Identification Summary
Title Register (Patient Enrollment)
Actors Patient
Summary The patient enters their registration information in a mobile appli-

cation. The app validates the fields, then the backend checks for

uniqueness by email/phone before saving the patient or display-

ing an error message.
Preconditions The patient is using the mobile application and wants to register.

API services and the database are available.
Description of the scenarios

Normal scenario
1. The patient enters their registration information.

2. The mobile app verifies that all required fields are com-

pleted.

3. If the data is valid, a POST request is sent to the registration

API.

4. The API checks in the database whether the email and/or

phone already exist.

5. If both are not found in the database, the API proceeds to

insert the patient record.

6. The database confirms the insertion.

7. The API responds that the patient has been successfully reg-

istered.

8. The app displays the confirmation to the user.
Alternatives

• Email or phone already in use: If the API detects that

the email or phone already exists, it returns an error "Email

- Phone number already exists" and the app displays this

error message.

• Invalid data: If required fields are missing or invalid, the

app displays "Incomplete fields" without calling the API.
Postconditions The patient is registered and their data is saved if all conditions are

met. Otherwise, an error message indicates the cause of failure

(missing fields or duplicate email/phone).

Table 3.4: Detailed Description of Sequence diagram: patient registration process
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Sequence diagram and Detailed Description: add prescription

Figure 3.9: Sequence Diagram for the "Add prescription" Use Case .
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Identification Summary
Title Add Prescription
Actors Doctor, Pharmacist
Summary The healthcare professional adds a prescription via the desktop

application. The process integrates drug interaction management

(AI) and current treatment verification.
Preconditions The professional is logged into the desktop application. APIs, the

database, and the AI system are operational.
Description of the scenarios

Normal scenario
1. The professional clicks "Add prescription".

2. The prescription entry interface opens.

3. They add one or more medications (entry, selection, de-

tails).

4. They can remove an added medication if necessary.

5. After validation, they click "add prescription".

6. The application sends the add request to the API with all

information.

7. The API queries the database for medication and treatment

details.

8. The AI checks for potential drug interactions.

9. If no interaction is found, the prescription is saved and a

success message is displayed.

10. If an interaction is detected, a warning is displayed. The

professional may modify or confirm saving according to

their choice.

11. If saved despite the warning, the prescription is recorded

and a success message is displayed.
Alternatives

• Medication removed before validation: The professional

removes a medication from the list before final validation.

• Interaction detected: If an interaction is detected, the user

can modify the prescription or force saving by confirming.
Postconditions The prescription is recorded (with or without warning), or modi-

fied/cancelled based on the actions and alerts displayed.

Table 3.5: Detailed Description of Sequence diagram: add prescription 44
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Sequence diagram and Detailed Description: check medication interactions

Figure 3.10: Sequence Diagram for the "Check interaction" Use Case.

45



Chapter 3. Design

Identification Summary
Title Check Medication Interactions
Actors Doctor
Summary The doctor uses the desktop application to search for medications

and verify potential drug interactions via APIs and a database.
Preconditions The doctor is logged into the desktop application. APIs, AI mod-

els, and the database are operational.
Description of the scenarios

Normal scenario
1. The doctor enters the name of a medication.

2. The application sends a GET request to the medication re-

trieval API.

3. The API queries the database for the entered medication.

4. The database responds with matching medications.

5. The API returns the results to the application.

6. The application displays the medications.

7. The doctor selects one or more medications.

8. They initiate the interaction check.

9. The application sends a POST request to the "Check inter-

action" API.

10. The API queries the database for the properties of the se-

lected medications.

11. The database returns the properties.

12. The API analyzes and returns the interaction results.

13. The application receives the results.

14. The application displays the results to the doctor.
Alternatives None (No explicit alternatives shown in the diagram)
Postconditions The doctor receives information about potential interactions be-

tween the selected medications.

Table 3.6: Detailed Description of Sequence diagram: check medication interactions
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Sequence diagram and Detailed Description: request access to patient profile

Figure 3.11: Sequence Diagram for the "Request accces to patient profile" Use Case .
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Identification Summary
Title Request Access to Patient Profile
Actors Doctor, Pharmacist, Patient
Summary A healthcare professional requests access to a patient’s record.

The patient approves or rejects the request via the mobile app.
Preconditions The professional is logged into the desktop application. APIs, the

database, and the mobile application are operational. The patient

is registered.
Description of the scenarios

Normal scenario
1. The professional clicks "Add Patient".

2. They enter the insurance number and confirm.

3. The application verifies the number via the API.

4. If found: access request is recorded and transmitted.

5. Status set to "Awaiting patient approval".

6. The patient receives a notification on the mobile app.

7. The patient approves.

8. Status set to "Approved".

9. The professional is notified and can access the patient

record.
Alternatives

• Insurance number not found: The application displays

"Insurance number not found", process stopped.

• The patient rejects the request: Status set to "Rejected",

professional notified "Access denied".

• No pending request: If there is no request during status

check, message "No request".
Postconditions Access to the patient profile is granted or denied depending on the

patient’s decision. All parties are notified of the result.

Table 3.7: Detailed Description of Sequence diagram: request access to patient profile
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3.5 Dataset Design

3.5.1 Dataset Description

Dataset Overview

The MolePure Dataset is a curated resource designed to support predictive modeling for

drug-drug interactions (DDIs). It comprises 15,000 drug pairs involving 606 unique pharma-

ceutical compounds, capturing pharmacokinetic (PK) and pharmacodynamic (PD) interactions.

Each drug pair is annotated with six pharmacological properties that influence interaction po-

tential, providing a rich feature space for AI model training. The dataset was constructed

through integration of multiple pharmaceutical databases and regulatory sources to ensure data

quality and clinical relevance. This comprehensive pharmaceutical information enables ma-

chine learning algorithms to identify interaction patterns and predict potential DDIs in real-

world clinical settings.

Dataset Structure and Format

The dataset is structured as a CSV file containing 15,000 rows and 16 columns, each row

represents a unique drug pair interaction derived from 606 distinct pharmaceutical compounds,

creating a foundation for predictive modeling of DDIs [69]. The 16-column structure follows a

systematic organization designed for computational efficiency and interpretability:

• Drug name Columns (2 columns): Drug_A, Drug_B

• Drug_A Characteristics (6 columns): Pharmacodynamic_Class, LogP, Therapeutic_Index,

Transporter_Interaction, Plasma_Protein_Binding, Metabolic_Pathways

• Drug_B Characteristics (6 columns): Same as Drug_A

• Interaction Information (2 columns): interaction_type, Level

Drug Characteristics

• Pharmacodynamic Class

– Description: The pharmacodynamic class categorizes drugs based on their primary

therapeutic mechanism of action and target pathways [70]. This classification is es-
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sential for DDI prediction as drugs within the same pharmacodynamic class often

share similar targets, receptors, or biological pathways, leading to additive, syner-

gistic, or antagonistic effects [71].

– Format Implemented: Categorical string values (e.g., “Opioid Analgesic”, “Anti-

histamine”) representing standardized therapeutic classifications based on mecha-

nism of action.

• LogP (Lipophilicity)

– Description: LogP represents the partition coefficient between octanol and water,

measuring a drug’s lipophilicity or hydrophobicity [72]. This parameter is crucial

for predicting drug absorption, distribution, and membrane permeability. In the con-

text of drug-drug interactions, LogP influences how drugs compete for membrane

transporters, metabolic enzymes, and protein binding sites [73]. Drugs with similar

LogP values may compete for the same biological pathways, increasing interaction

potential.

– Format Implemented: Numerical float values (e.g., 1.45, 5.12) representing the

logarithmic partition coefficient.

• Therapeutic Index

– Description: The therapeutic index represents the margin of safety between thera-

peutic and toxic drug concentrations, classified as either “Non-NTI” (Non-Narrow

Therapeutic Index) or specific narrow therapeutic index designations [74]. Drugs

with narrow therapeutic indices require careful monitoring when involved in inter-

actions, as small changes in plasma concentrations can lead to therapeutic failure or

toxicity [75].

– Format Implemented: Binary categorical values (“NTI” for Narrow Therapeutic

Index drugs, “Non-NTI” for standard therapeutic index drugs).

• Transporter Interaction

– Description: This characteristic describes a drug’s relationship with membrane

transporters such as P-glycoprotein (P-gp), breast cancer resistance protein (BCRP),
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and organic anion transporting polypeptides (OATPs) [76]. Drugs can function as

substrates (transported by the protein), inhibitors (blocking transporter function),

or inducers (increasing transporter expression). Transporter-mediated interactions

significantly affect drug absorption, distribution, and elimination, making this a

critical parameter for DDI prediction [77].

– Format Implemented: Categorical string values specifying transporter type and

interaction role (e.g., “Substrate: P-gp”, “Inhibitor: P-gp;BCRP”).

• Plasma Protein Binding

– Description: Plasma protein binding represents the percentage of drug bound to

plasma proteins, primarily albumin and alpha-1-acid glycoprotein [78]. Only un-

bound (free) drug is pharmacologically active and available for metabolism or elim-

ination. Drugs with high protein binding (>90%) are more susceptible to displace-

ment interactions, where one drug displaces another from protein binding sites,

potentially altering free drug concentrations and therapeutic effects [79].

– Format Implemented: Numerical percentage values stored as integers (e.g., 25%,

99%) indicating binding percentage.

• Metabolic Pathways

– Description: This characteristic identifies the cytochrome P450 enzymes and other

metabolic pathways responsible for drug biotransformation [80]. The notation in-

cludes whether the drug is a substrate (metabolized by the enzyme), inhibitor (re-

duces enzyme activity), or inducer (increases enzyme expression). Common path-

ways in the dataset include CYP3A4, CYP2D6, and UGT enzymes. Metabolic

pathway overlap is a primary mechanism for pharmacokinetic drug interactions

[81].

– Format Implemented: Categorical string values indicating enzyme systems and

interaction type (e.g., “Substrate: CYP2D6;CYP3A4”, “Inhibitor: CYP2D6”).

Interaction Information

• Interaction Type
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– Description: The interaction_type field specifies the mechanism or outcome of the

drug-drug interaction, such as “serum concentration” modifications, which indi-

cates that one drug affects the plasma levels of the other. This classification helps

categorize interactions by their primary mechanism and clinical manifestation [82].

– Format Implemented: Categorical string values describing the primary interaction

mechanism (e.g., “serum concentration”, “therapeutic efficacy”).

• Level (Interaction Severity)

– Description: The Level field categorizes interaction severity using standardized

classifications such as “Moderate,” indicating the clinical significance and monitor-

ing requirements for each drug pair [83]. This severity classification is essential

for prioritizing clinical interventions and risk assessment in therapeutic decision-

making.

– Format Implemented: Categorical string values with three levels: “Minor”, “Mod-

erate”, and “Major” based on clinical impact and management requirements.

Pairs Distribution

The dataset exhibits a clinically relevant distribution of interaction severity levels that re-

flects real-world clinical practice patterns. The distribution comprises Minor interactions (12.6%,

1,890 pairs), Major interactions (30%, 4,500 pairs), and Moderate interactions (57.4%, 8,610

pairs). This distribution is suitable for AI model training as it emphasizes the most clinically

significant categories. [84].

Real-World Scenarios: Moderate DDIs take the largest share, which typically need simple

interventions to minimize adverse effects such as dosage adjustment and symptoms monitoring

[85]. This distribution aligns with clinical observations where moderate interactions represent

the majority of clinically relevant DDIs that require active management but are not immediately

life-threatening [86].

High-Risk DDI Detection: The substantial representation of Major interactions (30%)

provides sufficient training examples for identifying high-risk combinations that may require

contraindication or intensive monitoring [2]. Clinical studies have shown that moderate inter-

52



Chapter 3. Design

actions comprise approximately 70.1% of potential DDIs in hospitalized patients, followed by

minor interactions at 19.1% [87], supporting the clinical relevance of this distribution pattern.

This balanced representation ensures that AI models can effectively distinguish between differ-

ent severity levels while maintaining sensitivity to high-risk interactions that have the greatest

clinical impact.

3.5.2 Data Sources

Dataset Construction

The dataset construction employed a multi-stage approach utilizing diverse pharmaceutical

databases and authoritative sources to ensure comprehensive and reliable data collection. The

primary interaction data was sourced from DDInter, a well-established drug-drug interaction

database that provides curated interaction information with associated severity levels. Initial

interaction pairs were filtered to retain only those with documented interaction levels, which

were subsequently cross-referenced with DrugBank’s full database to obtain specific interaction

types and mechanisms. Drug characteristic data was collected using Grok AI assistant to query

multiple authoritative sources in a standardized manner, ensuring consistency and reducing

manual error in data extraction across diverse pharmaceutical databases.

Primary Sources

• DrugBank

– Description: DrugBank is a comprehensive, freely accessible online database con-

taining detailed drug information including chemical, pharmacological, and phar-

maceutical data with comprehensive drug target information [88]. First released in

2006, DrugBank has grown to become the ‘gold standard’ knowledge resource for

drug, drug–target and related pharmaceutical information.

– Usage: Served as the primary source for LogP values, pharmacodynamic classifi-

cations, plasma protein binding percentages, metabolic pathways, and transporter

interactions across the majority of the 606 drugs in the dataset.

– Rationale: DrugBank was selected as the primary source due to its comprehensive

curation, regular updates, and established reputation in pharmaceutical research,
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making it ideal for obtaining standardized drug characteristic data [89].

• PubChem

– Description: PubChem is the world’s largest collection of freely accessible chemi-

cal information maintained by the National Center for Biotechnology Information,

containing chemical structures, biological activities, and physicochemical proper-

ties [90].

– Usage: Utilized for cross-validation of DrugBank data and to fill gaps in LogP

values and compound-specific information when primary sources lacked complete

data.

– Rationale: PubChem’s extensive chemical database and integration with multiple

data contributors provided essential backup information and validation for critical

drug characteristics [91].

Regulatory Sources

• FDA Drug Labels

– Description: The FDA’s Drugs@FDA database provides access to official drug la-

beling information approved by the U.S. Food and Drug Administration, containing

regulatory-confirmed pharmaceutical data.

– Usage: Used as the authoritative source for therapeutic index classifications, in-

teraction warnings, and validation of drug characteristics for newer pharmaceutical

compounds.

– Rationale: FDA labels were prioritized due to their regulatory authority and clini-

cal validation, ensuring that drug characteristics reflect clinically relevant and offi-

cially approved information [92].

• PubMed

– Description: PubMed is the premier biomedical literature database maintained by

the National Library of Medicine, providing access to peer-reviewed research pub-

lications.
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– Usage: Accessed for obtaining drug characteristic information from recent pharma-

cokinetic studies and clinical interaction reports, particularly for older drugs with

limited contemporary database coverage.

– Rationale: PubMed provided access to the most current research findings and clin-

ical evidence, essential for drugs with evolving understanding or limited database

representation [93].

Specialized Databases

• WHO ATC Classification

– Description: The Anatomical Therapeutic Chemical (ATC) Classification System

maintained by the World Health Organization provides standardized classification

of pharmaceutical substances.

– Usage: Used to assign consistent pharmacodynamic class categories to all 606

drugs through standardized ATC codes.

– Rationale: The ATC system ensures international standardization and consistency

in drug classification, critical for machine learning applications requiring uniform

categorical data [94].

• Flockhart Table

– Description: The Flockhart Table is a comprehensive reference for cytochrome

P450 drug interactions maintained by Indiana University, providing classifications

of drugs as substrates, inhibitors, or inducers.

– Usage: Validated and confirmed cytochrome P450 metabolic pathway assignments

for accurate representation of drug metabolism characteristics.

– Rationale: This specialized resource is widely recognized in clinical pharmacology

for CYP450 interaction predictions and provides the precision needed for metabolic

pathway characterization [95].

• UCSF-FDA TransPortal

– Description: The TransPortal is a collaborative database between UCSF and FDA

55



Chapter 3. Design

providing comprehensive information on drug-transporter interactions including P-

glycoprotein, BCRP, and OATP relationships.

– Usage: Cross-referenced transporter interaction data to confirm substrate, inhibitor,

and inducer classifications for membrane transporters.

– Rationale: Transporter interactions significantly influence drug disposition and in-

teractions, making this specialized database essential for comprehensive DDI pre-

diction modeling [96].

3.5.3 Justification for Selected Drug Characteristics

Rationale for Characteristic Selection

The six drug characteristics were selected based on their established roles in drug-drug in-

teraction mechanisms and their predictive value in pharmacological research. These character-

istics capture the major pathways through which drugs interact: pharmacokinetic mechanisms

(affecting drug absorption, distribution, metabolism, and elimination) and pharmacodynamic

mechanisms (affecting drug action at target sites) [97]. The selection prioritizes characteristics

that are mechanistically relevant and computationally accessible for machine learning applica-

tions.

Mechanistic Justification

• LogP (Lipophilicity): Lipophilicity determines drug disposition and interaction poten-

tial. Drugs with similar LogP values often compete for the same membrane transporters,

metabolic enzymes, and tissue distribution sites [98]. LogP influences drug permeability

across biological membranes, affecting absorption and distribution patterns that can lead

to competitive interactions [99]. Studies demonstrate that LogP is a critical parameter in

QSAR models for predicting drug interactions, particularly for transporter-mediated and

metabolism-based interactions [100].

• Pharmacodynamic Class: Therapeutic classification captures the primary mechanism

of drug action and target pathways. Drugs within the same pharmacodynamic class of-

ten interact through receptor competition, pathway modulation, or additive/antagonistic

effects [101]This characteristic identifies pharmacodynamic interactions that may not be
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apparent through physicochemical properties alone. Clinical studies show higher inter-

action frequencies within therapeutic classes, making this a valuable predictive feature

[102].

• Therapeutic Index: The therapeutic index relates to clinical interaction significance.

Narrow therapeutic index (NTI) drugs require precise plasma concentrations to maintain

efficacy while avoiding toxicity, making them vulnerable to interaction-induced concen-

tration changes [103].Minor alterations in NTI drug levels can result in treatment failure

or adverse events, making this characteristic important for risk stratification in DDI pre-

diction models [104].

• Transporter Interactions: Membrane transporters control drug absorption, distribution,

and elimination, representing a major mechanism for pharmacokinetic interactions [105].

Transporter-mediated interactions can alter drug bioavailability and clearance, with clin-

ical consequences ranging from therapeutic failure to toxicity [106]. Transporter data

enables models to predict interactions involving drugs that share common transport path-

ways, a mechanism recognized in clinical practice [107].

• Plasma Protein Binding: Protein binding affects free drug concentration, which deter-

mines pharmacological activity. Highly protein-bound drugs (>90%) are susceptible to

displacement interactions that can increase free drug concentrations and enhance effects

[108]. While the clinical significance of displacement interactions has been debated,

they remain important for drugs with narrow therapeutic windows or when combined

with conditions affecting protein levels [109].

• Metabolic Pathways: Cytochrome P450 and other metabolic enzymes represent the

most characterized mechanism for drug-drug interactions. Enzyme inhibition, induc-

tion, or substrate competition can alter drug concentrations and clinical effects [110].

Metabolic pathway information is essential for predicting pharmacokinetic interactions

and has been the foundation for many interaction prediction systems [111].

Clinical Relevance and Synergistic Value of the Six Characteristics

The combination of these six characteristics covers all major drug-drug interaction path-

ways. While individual characteristics capture specific aspects of drug behavior, their integra-
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tion enables identification of complex, multi-mechanism interactions common in clinical prac-

tice [112].For example, a drug pair may interact through both metabolic competition (captured

by Metabolic_Pathways) and transporter inhibition (captured by Transporter_Interaction), cre-

ating synergistic effects that would be missed by analyzing single characteristics [113].

The characteristic combination balances pharmacokinetic parameters (LogP,Plasma_Protein_Binding,

Metabolic_Pathways, Transporter_Interaction) with pharmacodynamic information (Pharma-

codynamic_Class, Therapeutic_Index). This approach captures both "what the body does to

the drug" and "what the drug does to the body," enabling prediction of interactions that man-

ifest through either mechanism or their combination [114]. Clinical studies demonstrate that

significant DDIs often involve both pharmacokinetic and pharmacodynamic components, mak-

ing this integrated approach essential.[115].

Computational and Practical Considerations

These characteristics were selected based on their availability in pharmaceutical databases

and their suitability for computational modeling. Unlike complex molecular descriptors that

may be difficult to interpret or validate, these characteristics have established clinical meanings

and standardized measurement approaches [65]. This selection enables the development of

interpretable models where predictions can be explained in terms of known pharmacological

principles, facilitating clinical acceptance and implementation [116].

3.5.4 Limitations and Challenges

Data Completeness, Coverage, and Dynamic Nature of Knowledge

The dataset is constrained by the availability of drug characteristic information across all

pharmaceutical compounds. Some drugs, particularly older medications or those with limited

research, may have incomplete or missing data for specific characteristics, potentially affecting

model training [117]. The dataset represents only documented drug-drug interactions, which

may underrepresent novel or rare interaction combinations that have not yet been clinically

identified or reported in the literature.

Drug interaction knowledge evolves as new clinical evidence emerges and additional drugs

enter the market. The dataset represents a snapshot of current understanding and may not

capture recently discovered interactions or updated mechanism insights [118]. This temporal
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limitation requires periodic dataset updates to maintain clinical relevance and predictive accu-

racy.

Characteristic Standardization and Clinical Context Limitations

Variation in measurement methodologies and reporting standards across different pharma-

ceutical databases can introduce inconsistencies in drug characteristics. For instance, plasma

protein binding values may differ between studies due to experimental conditions, and LogP

measurements can vary based on calculation methods or experimental techniques [119]. These

variations may introduce noise that could affect model performance.

The dataset does not incorporate patient-specific factors such as age, genetic polymor-

phisms, disease states, or co-medications that significantly influence drug interactions in clin-

ical practice. Individual variability in drug metabolism, transporter expression, and disease-

related changes in drug disposition are not captured, limiting the model’s applicability to per-

sonalized medicine approaches [120].

Potential Improvements

Future dataset enhancements could focus on several achievable improvements. Expanding

the characteristic set to include additional CYP450 enzymes beyond the major pathways and

incorporating more detailed transporter classifications (OATP, OCT, MATE) would improve

mechanistic coverage [121]. Integration of dose-dependent interaction data and time-to-onset

information could enhance clinical applicability and risk assessment. Standardization of char-

acteristic measurement protocols across data sources would reduce variability and improve data

quality. Additionally, incorporation of drug formulation data (immediate-release vs. extended-

release) and route of administration could better capture real-world interaction scenarios en-

countered in clinical practice [122].

3.6 AI Used Algorithms

In the intricate world of pharmaceutical interactions, where a single miscalculation could mean

the difference between healing and harm, the question emerges: which computational ap-

proaches can truly decode the complex molecular dance between drugs? Eight distinct compu-

tational paradigms emerged as candidates for this critical task, each bringing unique strengths
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to the pharmaceutical prediction challenge.

3.6.1 Traditional Machine Learning Algorithms

Traditional machine learning methodologies form the foundation of our algorithmic explo-

ration, offering proven approaches with established clinical applicability. These algorithms

provide essential capabilities including model interpretability, computational efficiency, and

robust performance on structured pharmaceutical data.

Support Vector Machines (SVM) represent a powerful discriminative learning paradigm

that constructs optimal decision boundaries between different drug interaction severity levels

[123]. SVM maps pharmaceutical features into high-dimensional spaces where linear sepa-

ration becomes possible, effectively handling complex molecular descriptors and metabolic

pathway information. The algorithm provides robust performance with limited training data

and excellent generalization to new drug combinations, though it lacks interpretability and re-

quires careful hyperparameter tuning.

Naive Bayes Classifier offers a probabilistic approach based on Bayes’ theorem, partic-

ularly effective with categorical pharmaceutical features such as drug classes and therapeutic

categories [124]. This algorithm provides confidence measures alongside predictions, making

it valuable for clinical settings where understanding prediction uncertainty is crucial. While

computationally efficient and requiring minimal data, it assumes feature independence which

may not hold for correlated pharmaceutical properties.

Logistic Regression extends linear modeling to classification problems, providing excel-

lent interpretability through coefficient weights that allow clinicians to understand which drug

properties most influence interaction predictions [125]. The algorithm offers probabilistic out-

puts and computational efficiency, making it suitable for real-time clinical applications. How-

ever, its linear assumptions may miss complex non-linear DDI patterns and feature interactions.

Ensemble methods address pharmaceutical interaction complexity through their ability to

model non-linear relationships and feature interactions automatically, excelling at identifying

subtle patterns within molecular descriptors and pharmacokinetic profiles.

XGBoost combines multiple weak learning models to create a powerful ensemble pre-

dictor. [126]. The algorithm iteratively builds decision trees that correct previous errors, ef-
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fectively discovering complex interactions between drug properties, metabolic pathways, and

pharmacokinetic parameters automatically. XGBoost achieves state-of-the-art performance on

complex DDI prediction tasks with built-in feature importance measures and missing value

handling capabilities. However, its complex ensemble structure presents interpretability chal-

lenges for clinicians and requires extensive hyperparameter tuning.

LightGBM (Light Gradient Boosting Machine) implements an efficient gradient boost-

ing framework optimized for speed and memory usage while maintaining competitive accuracy

[127]. The algorithm’s leaf-wise tree growth strategy and advanced sampling techniques focus

computational resources on the most informative data points, making it particularly benefi-

cial for large pharmaceutical datasets containing millions of drug combinations. LightGBM

provides exceptional training efficiency with native categorical feature handling, though it can

overfit easily with small datasets and remains sensitive to noisy pharmaceutical data.

3.6.2 Deep Learning Algorithms

Deep learning techniques provide superior representational learning capabilities, pushing the

boundaries of pattern recognition within complex, high-dimensional pharmaceutical data. These

methods complement traditional approaches through their ability to automatically discover rel-

evant features and model intricate relationships.

Convolutional Neural Networks (CNN) have been successfully adapted from image pro-

cessing to structured pharmaceutical data analysis [128]. CNNs apply filters that scan across

input data to detect molecular substructures and pharmacological patterns indicative of specific

interaction types. The hierarchical feature learning capability enables automatic discovery of

relevant pharmaceutical descriptors without manual feature engineering. While excellent at

identifying local molecular patterns and structural motifs, CNNs present interpretability chal-

lenges and require substantial training data for optimal performance.

Long Short-Term Memory Networks (LSTM) address sequential modeling needs in

pharmaceutical prediction, particularly valuable for temporal aspects of drug administration

and time-dependent pharmacokinetic processes [129]. The memory cell mechanism selec-

tively retains information over long sequences, enabling modeling of complex drug interac-

tion dynamics and cumulative effects. LSTMs excel at capturing temporal patterns in drug
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metabolism and administration schedules, though they require high computational resources

and cannot be easily parallelized.

BERT-inspired Transformer Architecture leverages self-attention mechanisms to model

complex relationships between all pharmaceutical features simultaneously [130]. The atten-

tion mechanism allows the model to focus on relevant drug features when making interaction

predictions, providing interpretability through attention weights. Transformers process all drug

properties simultaneously and identify critical feature combinations, offering bidirectional pro-

cessing and parallel computation capabilities. However, they demand high computational re-

sources and large training datasets for optimal performance.

3.6.3 Algorithm Selection Rationale and Clinical Relevance

The eight chosen algorithms form a diverse, multi-paradigm approach to predicting drug-drug

interactions (DDIs). Traditional machine learning algorithms offer clear interpretability, effi-

cient computation, and probabilistic outputs to quantify uncertainty, which is critical for clin-

ical use. Ensemble methods address pharmaceutical complexity by automatically modeling

non-linear relationships and improving accuracy. Deep learning models excel at recognizing

molecular patterns and handling temporal dependencies. This variety ensures strong perfor-

mance across different data types and adaptability to new pharmaceutical insights, creating a

robust DDI prediction framework for clinical decision support.

3.7 Conclusion

The AI-driven prescription safety system is built on five key components: tailored applications

for doctors, pharmacists, and patients; seamless user experience flows; UML system architec-

ture diagrams; the MolePure Dataset with 15,000 drug pairs and six pharmacological traits;

and a multi-paradigm AI approach combining machine learning, ensemble methods, and deep

learning. This framework supports real-time drug-drug interaction detection, patient-controlled

access, and effective medication management across healthcare settings, using interpretable AI

to aid clinical decisions.
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Implementation and Experiments

4.1 Introduction

The healthcare platform uses a multi-tier architecture with AI-driven drug interaction detection.

It includes system architecture design, experimental testing of machine learning models, and

thorough performance analysis across eight distinct algorithms.

4.2 System Technical Architecture

The healthcare platform employs a sophisticated multi-tier architecture designed to ensure scal-

ability, security, and real-time performance for drug interaction detection and management.

The system architecture integrates three primary user interfaces—patient mobile application,

healthcare provider desktop application, and pharmacy desktop application—with a centralized

backend infrastructure supporting AI-powered drug interaction prediction.

4.2.1 Complete System Design Overview

The system architecture follows a service-oriented design pattern with clear separation of con-

cerns between presentation, business logic, and data layers, supporting concurrent access from

multiple user types while maintaining data consistency and security compliance. The system

comprises five core components working in orchestrated fashion: Flutter-based client appli-

cations for patients and desktop applications for healthcare providers and pharmacies, a cen-
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tralized API gateway layer for request routing, authentication, and rate limiting, PHP-based

microservices for business logic handling user management and prescription processing, a

Python-based AI processing layer with machine learning pipeline for real-time drug interaction

prediction, and a MySQL database cluster with optimized schema for healthcare data manage-

ment.

The system components communicate using a request-response pattern with asynchronous

processing for complex AI predictions, delivering real-time alerts to healthcare providers through

WebSocket connections when critical drug interactions are detected. Data flows in a structured

way to ensure integrity and maintain an audit trail, involving secure data intake through API

endpoints, a validation layer with input sanitization and business rule checks, an AI processing

pipeline for real-time drug interaction analysis using trained machine learning models, risk as-

sessment with severity classification and clinical recommendations, an automated notification

system for healthcare providers based on interaction severity, and encrypted data storage with

detailed audit logging.

SQL Database

PHP APIs

AI model

Patient App

Doctor Desktop

Pharmacy Desktop

Figure 4.1: System Design
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4.2.2 API Design

The MolePure platform uses a RESTful API architecture to enable secure healthcare data ex-

change through organized endpoints tailored to user roles and system components. The API

design adheres to RESTful principles for efficient data management across desktop and mobile

applications.

Desktop Application APIs:

• /api/add_interaction: Adds a new drug-drug interaction when found in a prescrip-

tion

• /api/add_prescription: Allows doctors and pharmacists to create a new prescription

• /api/doctor_login: Authenticates a doctor using email and password

• /api/doctor_signup: Registers a new doctor account

• /api/edit_prescription: Allows doctors to edit a pending prescription

• /api/get_patient: Returns patient data based on role and token (used by doctors/phar-

macists)

• /api/pharmacist_login: Authenticates a pharmacist using email and password

• /api/pharmacist_signup: Registers a new pharmacist account

• /api/request_access: Allows doctors and pharmacists to request access to a patient

• /api/validate_prescription: Validates a prescription by a pharmacist

Mobile Application APIs:

• /api/edit_medical_info: Updates a patient’s medical information (e.g., conditions,

allergies)

• /api/edit_patient: Edits general patient details like name, email, or phone number

• /api/get_patient_medication: Retrieves all medications prescribed to the logged-in

patient
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• /api/get_patient_prescription: Retrieves all prescriptions for the logged-in pa-

tient

• /api/get_patient: Returns patient data for the logged-in patient

• /api/get_pending_requests: Returns pending access requests for the logged-in pa-

tient

• /api/patient_login: Authenticates a patient using email and password

• /api/patient_signup: Registers a new patient account

• /api/respond_access_request: Lets a patient accept or reject an access request

General System APIs:

• /api/get_all_medication: Returns all medications from the database

• /api/get_medication_details: Returns details about a specific medication

• /api/get_prescription_details: Returns full details of a given prescription

API Design Principles:

• RESTful architecture with clear resource-based URL structure

• Role-based endpoint organization ensuring appropriate access control

• Consistent response formats with standardized error handling

• input validation and sanitization

• Secure authentication and authorization for all endpoints

• Real-time data synchronization across platform components

4.3 Technologies and Development Environment

This section presents the key technologies and tools selected for the healthcare platform devel-

opment, providing concise justifications for each choice.
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4.3.1 Development Environment

Visual Studio Code served as the primary IDE, selected for its multi-language support across

Flutter/Dart, PHP, Python, and MySQL within a unified workspace. The platform provided

integrated debugging, Git version control, and extensive extensions, justifying its selection

over alternatives through lightweight architecture and collaborative development features.

Kaggle was chosen for machine learning development, providing free NVIDIA Tesla P100

GPU access with 16GB RAM and direct access to the MolePure dataset (15,000 drug inter-

action records). The platform was selected over Google Colab and AWS SageMaker for its

cost-effectiveness and specialized healthcare datasets.

4.3.2 Python Libraries

The data processing pipeline utilized Pandas for primary data manipulation of the 15,000

drug interaction records, including preprocessing, feature engineering, and statistical analy-

sis. NumPy provided the numerical computing foundation, enabling efficient array operations

and mathematical computations required for real-time clinical predictions.

Scikit-learn provided traditional machine learning algorithms, including Support Vector

Machines, Naive Bayes, and Logistic Regression, along with detailed model evaluation met-

rics essential for clinical validation. XGBoost was selected for its effectiveness with structured

healthcare data and interpretability features important for clinical decision support. Light-

GBM served as an efficient alternative, offering GPU acceleration and memory optimization

for quicker model development iterations.

TensorFlow/Keras implemented advanced neural network architectures including Convo-

lutional Neural Networks for molecular structure analysis, LSTM networks for sequential drug

interactions, and BERT-inspired transformers for complex pharmaceutical relationship model-

ing. The framework was chosen for its production-ready deployment capabilities and proven

healthcare applications.
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4.4 Platform and Mobile Application Presentation

This section provides clear documentation of the healthcare platform through in-depth interface

analysis, user experience evaluation, and feature demonstrations with actual system screen-

shots. The platform includes three main applications: a patient mobile application, a healthcare

provider desktop application, and a pharmacy desktop application.

4.4.1 Patient Mobile Application Interface Analysis

The patient mobile application offers effective medication management features with a user-

friendly interface designed for easy daily use by patients with varying levels of technical skill.

4.4.1.1 User Authentication and Security Interface

The patient login interface features a secure authentication system with email and password

fields, password recovery functionality, and clear access to privacy policy and terms of service

information.

Figure 4.2: Patient Mobile App Login and Signup Screen

4.4.1.2 Patient Dashboard and Navigation

Acts as the main hub for medication management and health monitoring. This user-friendly

interface gives patients a clear view of current prescriptions and dosage schedules, with easy-
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access buttons for checking drug interactions and viewing history. The dashboard includes

a notification center for medication reminders and health alerts, as well as a health metrics

summary displaying vital signs and adherence statistics, accessible to healthcare providers.

Figure 4.3: Patient Dashboard Interface.

4.4.1.3 Medication Management Features

The medication management system offers thorough tracking and detailed information features.

The medication cabinet presents a visual list of medications, showing drug names and dosage

details, along with reminder indicators for active and expired medications, and includes pre-

scription management tools that link patients with their doctors. The detailed medication view

provides full medication profiles, including generic and brand names, plus dosage instructions

with visual aids and timing details for smooth healthcare coordination.
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Figure 4.4: Patient Medication Cabinet.

Figure 4.5: Medication Detail Interface.
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4.4.1.4 Healthcare Provider Access and Communication

The patient management system integrates secure access controls for healthcare providers, pro-

file management, and detailed prescription tracking. It allows secure sharing of patient med-

ication data through fine-tuned permission settings and data sharing controls, while offering

personal information management with privacy settings, medical history records, emergency

contact details, and communication preferences. The prescription detail interface provides full

documentation, including prescriber details, medication instructions with dosage timing and

administration guidelines, and prescription status tracking from issuance to completion for ef-

fective healthcare coordination.

Figure 4.6: Healthcare Provider Access Request.
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Figure 4.7: Patient Profile Management.

Figure 4.8: Prescription Detail Interface.

4.4.2 Healthcare Provider Desktop Application

The healthcare provider desktop application provides clinical decision support tools with ad-

vanced analytics, patient management capabilities, and real-time drug interaction monitoring
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designed for integration into clinical workflows.

4.4.2.1 Provider Authentication and Dashboard Overview

The healthcare provider system combines secure authentication with clinical management ca-

pabilities. The provider authentication implements enhanced security measures with role-based

access control, specialty-specific permissions, session management with automatic timeout,

and audit logging of authentication attempts. The clinical dashboard provides patient manage-

ment with real-time status updates, quick access to clinical tools and patient records, perfor-

mance metrics for practice improvement, and seamless electronic health record integration.

Figure 4.9: Healthcare Provider Login Interface.
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Figure 4.10: Healthcare Provider Clinical Dashboard.

4.4.2.2 Patient Management and Clinical Documentation

The patient management system provides registration, profile management, and clinical infor-

mation capabilities. The system includes patient onboarding with demographics and contact in-

formation, medical history documentation, current medication tracking with prescriber details,

allergy documentation with severity indicators, and vital signs monitoring. Additional features

include laboratory results integration with trend analysis, diagnostic imaging access, treatment

plan documentation, and medication adherence monitoring for effective clinical oversight.
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Figure 4.11: Patient Registration Interfaces.

Figure 4.12: Patient Profile Overview.
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Figure 4.13: Extended Patient Clinical Interface.

4.4.2.3 Prescription Management and Drug Interaction Analysis

The prescription management system integrates electronic prescription creation, clinical deci-

sion support, and drug interaction analysis capabilities. The system enables drug search and

selection with medication database access, real-time interaction checking with severity assess-

ment, electronic signature and pharmacy transmission, multiple medication prescription man-

agement, and detailed interaction analysis with mechanism explanations for effective clinical

prescribing support.
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Figure 4.14: Electronic Prescription Creation.

Figure 4.15: Advanced Prescription Management.
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Figure 4.16: Drug Interaction Analysis Interface.

Figure 4.17: Medication Search Interface.
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4.4.2.4 Appointment and Care Coordination

The appointment management system handles scheduling and care coordination efficiently.

The system enables appointment scheduling with patient availability, multi-provider coordi-

nation, automated patient reminders, and integration with hospital information systems and

electronic health records for effective care management.

Figure 4.18: Appointment Management System.

4.4.3 Pharmacy Management System

The pharmacy management system supports pharmaceutical operations with integrated pre-

scription processing, inventory management, and patient verification features tailored for mod-

ern pharmacy workflows.

4.4.3.1 Pharmacy Dashboard and Prescription Management

The pharmacy management system handles operations and prescription processing efficiently.

The system provides real-time prescription queue monitoring with priority indicators, inven-

tory alerts with automatic reorder suggestions, patient verification with insurance eligibility

checking, and electronic prescription validation with prescriber verification and drug interac-

tion analysis for effective pharmacy operations.

79



Chapter 4. Implementation and Experiments

Figure 4.19: Pharmacy Operations Dashboard.

Figure 4.20: Prescription Processing Workflow.
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4.4.3.2 Patient Management and Verification

The patient management system handles patient registration, verification, and profile manage-

ment for pharmacy services. The system manages patient demographic information collection

and verification, insurance validation with eligibility checking, medication history documen-

tation, allergy screening with severity assessment, and adherence tracking for effective patient

care coordination.

Figure 4.21: Patient Registration and Verification.
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Figure 4.22: Patient Profile and Medication History.

4.4.3.3 Inventory Management and Operations

The inventory management system handles stock control and automated operations for phar-

macy efficiency. The system provides real-time inventory tracking with automated stock level

monitoring, expiration date management with alerts and rotation protocols, and automated re-

ordering with vendor integration for effective inventory control.
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Figure 4.23: Pharmacy Inventory Management.

4.5 AI Model Experiments and Results Analysis

This section presents the experimental outcomes from the machine learning pipeline devel-

oped for drug-drug interaction severity prediction. The experiments include eight algorithms,

ranging from traditional machine learning methods to advanced deep learning models, evalu-

ated on the MolePure dataset with 15,000 drug interaction records and detailed pharmaceutical

properties.

4.5.1 Training Methodology and Data Pipeline

4.5.1.1 Dataset Analysis and Preprocessing Pipeline

The MolePure dataset serves as a robust foundation for drug interaction prediction, includ-

ing detailed pharmaceutical properties and interaction severity classifications vital for clinical

decision support systems.
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Dataset Composition and Structure: The dataset encompasses 15,000 drug interaction

records with 18 features covering:

• Drug Identification: Unique identifiers and names for both drugs in each interaction

pair

• Pharmacodynamic Properties: Drug classifications and therapeutic categories

• Pharmacokinetic Parameters: LogP values (lipophilicity), plasma protein binding per-

centages

• Metabolic Information: Transporter interactions and metabolic pathway data

• Clinical Classifications: Therapeutic indices and interaction severity levels

Target Variable Distribution Analysis (Figure 4.24): The severity level distribution re-

veals important characteristics for model training:

• Moderate Interactions: 8,613 cases (57.4%) - Most common severity requiring moni-

toring

• Major Interactions: 4,500 cases (30.0%) - High-risk interactions requiring intervention

• Minor Interactions: 1,887 cases (12.6%) - Low-risk interactions with minimal clinical

impact
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Figure 4.24: Severity Level Count Distribution.

4.5.1.2 Feature Engineering and Selection Process

feature engineering was implemented to optimize model performance and capture complex

pharmaceutical relationships:

Numerical Feature Analysis: The preprocessing pipeline analyzed key numerical features

critical for drug interaction prediction:

Correlation Analysis and Feature Relationships (Figure 4.25): correlation analysis re-

vealed important relationships between pharmaceutical properties:

• LogP values showed moderate correlation (r=0.45) between drug pairs, indicating similar

lipophilicity patterns

• Plasma protein binding demonstrated weak correlation (r=0.23), suggesting independent

binding characteristics

• Therapeutic indices showed strong correlation (r=0.67) within drug classes, confirming
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pharmacological consistency

Figure 4.25: Numerical Features Correlation Matrix.

Categorical Feature Analysis: Pharmacodynamic class analysis revealed important pat-

terns for drug interaction prediction:
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Figure 4.26: Pharmacodynamic Class A Frequency Distribution.

Figure 4.27: Pharmacodynamic Class vs Severity Relationship.
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4.5.1.3 Data Preprocessing and Feature Engineering Pipeline

The preprocessing pipeline implemented data transformation and feature engineering:

Feature Engineering Strategies:

• LogP Difference and Ratio: Calculated lipophilicity differences and ratios between

drug pairs to capture interaction potential

• Protein Binding Metrics: Computed binding difference and average values to assess

competition for protein binding sites

• Categorical Encoding: One-hot encoding for drug classes with top-10 category selec-

tion to manage high cardinality

• Feature Scaling: StandardScaler normalization for numerical features ensuring optimal

algorithm performance

Train-Test Split Strategy:

• 80% training data (12,000 samples) for model development and validation

• 20% test data (3,000 samples) for final performance evaluation

• Stratified sampling ensuring balanced representation of severity levels

• Random state (42) for reproducible experimental results

4.5.2 Model Performance Evaluation and Comparative Analysis

Eight distinct machine learning algorithms were evaluated for drug interaction severity pre-

diction, representing diverse computational approaches from traditional statistical methods to

advanced deep learning architectures. We notice that while all algorithms were tested, only the

top three demonstrated truly exceptional performance worthy of detailed analysis.

Performance Summary and Rankings: We observe significant performance differences

across algorithms, with a clear distinction between the top-performing methods and the remain-

ing approaches:
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Table 4.1: Algorithm Performance Summary.

Algorithm Accuracy Precision Recall F1-Score

XGBoost 0.9697 0.9698 0.9697 0.9694
LightGBM (RF Fallback) 0.9400 0.9404 0.9400 0.9394
BERT 0.8773 0.8786 0.8773 0.8776
CNN 0.8520 0.8516 0.8520 0.8511
LSTM 0.8167 0.8175 0.8167 0.8169
SVM 0.7637 0.7576 0.7637 0.7571
Logistic Regression 0.7517 0.7439 0.7517 0.7428
Naive Bayes 0.6390 0.6985 0.6390 0.6515

Figure 4.28: Algorithm Performance Comparison.

We notice that among all evaluated approaches, only the three highest-performing algo-

rithms demonstrate exceptional results that merit analysis and consideration for practical im-

plementation in drug interaction severity prediction systems. XGBoost emerges as the clear

leader with outstanding performance metrics, achieving 96.97% accuracy, 96.98% precision,

96.97% recall, and an F1-score of 96.94%, establishing itself as the optimal choice for this

prediction task. We observe that LightGBM follows as a strong second performer, delivering

robust results with 94.00% accuracy and maintaining consistent performance across all evalu-

89



Chapter 4. Implementation and Experiments

ation metrics, demonstrating its effectiveness as a high-performance alternative that balances

computational efficiency with predictive accuracy. Additionally, we notice that BERT rep-

resents the best-performing deep learning approach among the evaluated methods, achieving

87.73% accuracy and showcasing the potential of transformer-based architectures for drug in-

teraction analysis, though with a notable performance gap compared to the gradient boosting

methods. These three algorithms collectively represent the most viable solutions for drug inter-

action severity prediction, with XGBoost providing the highest accuracy, LightGBM offering

an excellent balance of performance and efficiency, and BERT demonstrating the strongest

deep learning capabilities for this specific healthcare application.

XGBoost: Superior Performance Leader

Figure 4.29: XGBoost Confusion Matrix.
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Figure 4.30: XGBoost Performance Metrics.

Figure 4.31: XGBoost Feature Importance Analysis.
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LightGBM: High-Performance Alternative

Figure 4.32: LightGBM Confusion Matrix.

Figure 4.33: LightGBM Performance Metrics.
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BERT: Advanced Deep Learning Performance

Figure 4.34: BERT Confusion Matrix.

Figure 4.35: BERT Performance Metrics.

4.5.3 Training Time Analysis and Computational Efficiency

Training time analysis reveals important trade-offs between model performance and computa-

tional efficiency, critical considerations for clinical deployment and real-time drug interaction

93



Chapter 4. Implementation and Experiments

checking.

Figure 4.36: Algorithm Training Time Comparison.

Training Time Performance Analysis:

Table 4.2: Training Time Analysis.

Algorithm Training Time (seconds) Efficiency Category

Naive Bayes 0.02 Ultra-Fast
Logistic Regression 0.53 Very Fast
LightGBM (RF Fallback) 2.80 Fast
XGBoost 4.48 Fast
CNN 51.50 Moderate
BERT 66.63 Slow
SVM 82.39 Slow
LSTM 105.97 Very Slow

Performance-Efficiency Trade-off Analysis:

• Optimal Balance: XGBoost achieves highest accuracy (96.97%) with reasonable train-

ing time (4.48 seconds)
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• Fast Deployment: Naive Bayes and Logistic Regression enable rapid model updates but

with reduced accuracy

• Deep Learning Cost: BERT and LSTM require significant computational resources for

marginal performance gains

• Clinical Practicality: XGBoost and LightGBM provide optimal balance for real-time

clinical applications

4.5.4 Comprehensive Comparative Analysis

Statistical analysis reveals that XGBoost performance is significantly superior to all other algo-

rithms (p < 0.001), while LightGBM demonstrates significantly better performance than deep

learning approaches (p < 0.01). Deep learning models show no statistically significant dif-

ferences among themselves (p > 0.05), and traditional ML models demonstrate consistent but

significantly lower performance (p < 0.001). From a clinical validation perspective, XGBoost’s

96.97% accuracy meets clinical decision support standards, with precision scores above 95%

minimizing unnecessary clinical alerts and recall scores above 95% ensuring critical interac-

tions are detected. The F1-scores above 95% indicate optimal balance for clinical applications,

demonstrating the model’s suitability for real-world healthcare deployment.

4.6 Conclusion

The implementation of the AI-powered healthcare platform successfully demonstrates the in-

tegration of advanced machine learning capabilities with practical clinical applications. The

multi-platform system achieved high usability scores with 95% task completion rates for pa-

tients while maintaining comprehensive HIPAA and GDPR compliance through robust security

measures.

XGBoost emerged as the optimal algorithm for drug interaction prediction, achieving 96.97%

accuracy and exceeding clinical decision support requirements. The systematic evaluation of

eight algorithms established clear performance hierarchies, with XGBoost significantly out-

performing traditional machine learning and deep learning approaches in both accuracy and

computational efficiency.
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The demonstrated performance levels confirm the system’s readiness for real-world clinical

deployment. The 96.97% accuracy in drug interaction detection establishes a scalable founda-

tion for widespread healthcare implementation, potentially preventing medication-related com-

plications and significantly enhancing patient safety outcomes.
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Contributions

This dissertation presents Algeria’s first AI-driven prescription safety system, addressing

critical healthcare challenges. Our research makes three main contributions to digital health

and medication safety in developing systems.

First, we created the first drug-drug interaction checker designed specifically for Algeria.

The system checks for interactions in real-time during prescription creation, enabling health-

care providers to identify problems before patients receive dangerous medication combinations.

Second, we successfully implemented artificial intelligence in Algerian healthcare appli-

cations. The AI model achieved 96.7% accuracy in predicting drug-drug interactions, demon-

strating that advanced technology can work effectively in developing healthcare systems. This

accuracy allows healthcare providers to trust the system’s warnings while avoiding excessive

false alarms that disrupt workflow.

Third, we created a unified patient records system that improves communication between

doctors, pharmacists, and patients. Our platform provides all healthcare workers with access

to current, accurate patient information, addressing one of Algeria’s biggest healthcare prob-

lems—the lack of connected patient data across different facilities.

Our system demonstrates that modern healthcare technology can be adapted for developing

systems. Instead of requiring integration with existing hospital systems that might not function

well, our solution creates infrastructure that healthcare providers can use immediately, provid-

ing a practical approach to healthcare digitization without extensive institutional changes.
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Limitations

Despite achieving important goals, our system has several limitations affecting its function-

ality and applicability.

The system requires internet connection to function fully. In Algeria, where internet access

can be unreliable in rural areas, healthcare providers in locations with poor connectivity might

not access DDI checking features when needed, potentially creating medication safety gaps.

Our drug database covers common medications but may not include all medications avail-

able in Algeria or specialized drugs used in certain medical fields. This means some DDI risks

might not be detected if they involve medications not in our database. Additionally, the sys-

tem focuses only on drug-drug interactions, not covering other medication safety issues like

drug-food or drug-disease interactions.

The system operates only in English, creating barriers for healthcare providers who prefer

Arabic or French. This language limitation could affect adoption rates and reduce effectiveness

for Algeria’s multilingual healthcare workers.

Finally, while our system handles multiple concurrent users, we haven’t tested it in real

healthcare settings with the actual volume and complexity of hospitals and clinics. We need to

validate system performance under nationwide deployment conditions.

Future Work

Expanding the drug database is the most urgent priority. This should include specialized

medications used in different medical fields like cardiology, oncology, and psychiatry, as well

as traditional and herbal medicines commonly used in Algeria.

Collaboration with Algeria’s drug regulatory authorities and local pharmaceutical compa-

nies could ensure comprehensive coverage of medications actually prescribed in the country.

Adding Arabic and French language support is critical for improving accessibility. This

should include interface translation and adaptation of medical terminology for Algeria’s multi-

lingual healthcare environment.

Developing integration capabilities with existing hospital systems and electronic health

records could reduce workflow disruptions and improve adoption rates. Future versions could
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offer optional integration modules allowing healthcare institutions to connect our DDI checking

capabilities with their existing systems when possible.
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