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Abstract 
Artificial intelligence-based expert systems are increasingly used in smart 

hospitals to improve medication safety, inventory efficiency, and 

pharmaceutical decision-making. This study aimed to evaluate the role of an 

integrated AI expert system in optimizing clinical and logistical pharmacy 

management. A multi-site mixed-methods quasi-experimental design was 

conducted in four smart hospitals, with two intervention hospitals and two 

comparison hospitals observed across six-month baseline and intervention 

periods. Quantitative data included 122,480 prescriptions, 1,186 

pharmaceutical products, stockout records, expired medicines, emergency 

purchases, medication errors, and processing times, while qualitative data were 

obtained from surveys, interviews, and focus groups involving healthcare 

professionals. Results showed that AI implementation reduced stockouts by 

48.24%, decreased medication errors from 3.82% to 2.06%, shortened 

prescription-processing time from 13.60 to 8.90 minutes, and lowered expired 

medicine value and emergency purchasing. The study concludes that AI-based 

expert systems can optimize pharmaceutical management by integrating 

predictive analytics, patient-specific safety rules, and human oversight within 

coordinated smart-hospital workflows, while preserving accountability, 

transparency, and professional judgment across diverse clinical and operational 

settings. 
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INTRODUCTION 

Smart hospitals are increasingly adopting interconnected digital technologies to improve 

clinical decision-making, operational efficiency, patient safety, and institutional 

responsiveness. Electronic health records, Internet of Medical Things devices, automated 

dispensing systems, cloud platforms, clinical dashboards, and artificial intelligence applications 

now support many aspects of hospital management. Pharmaceutical services constitute one of 

the most complex areas within this transformation because medication processes involve 

procurement, storage, prescribing, verification, dispensing, administration, monitoring, and 

reporting. This paragraph should introduce smart hospitals as data-intensive healthcare 

environments and establish pharmaceutical management as a critical system requiring accurate, 

timely, and coordinated decisions across clinical and administrative units (Arhouni, 2025; 

Raina, 2026). 

Pharmaceutical management directly influences treatment quality, patient safety, hospital 

expenditure, and service continuity. Hospitals must ensure that appropriate medicines are 

available in sufficient quantities, stored under suitable conditions, prescribed according to 

clinical indications, and administered safely to patients. Poor management may result in 

medication shortages, overstocking, expiration, irrational prescribing, dispensing errors, 

adverse drug events, and unnecessary financial losses. This paragraph should explain that 

pharmaceutical management is not limited to inventory control because it connects supply-

chain decisions with individual patient needs, clinical guidelines, medication safety, and 

institutional resource allocation (Agbontaen, 2025; Ghafarollahi, 2025). 

Artificial intelligence-based expert systems offer a promising approach to improving 

pharmaceutical decision-making in smart hospitals. Expert systems use structured knowledge, 

predefined rules, data-driven models, or combinations of these mechanisms to generate 

recommendations that resemble the reasoning of specialists. Such systems may support 

demand forecasting, stock optimization, drug-interaction screening, dosage adjustment, 

prescription validation, antimicrobial stewardship, and adverse-event detection. This paragraph 

should position AI-based expert systems as decision-support technologies capable of 

integrating pharmaceutical, clinical, financial, and operational data to improve the speed and 

consistency of hospital medication management (Fan, 2025; Wilhelm, 2025). 

Conventional pharmaceutical management frequently depends on fragmented databases, 

manual calculations, retrospective reporting, and individual professional judgment. Information 

concerning medicine consumption, current stock, supplier performance, patient diagnoses, 

laboratory values, and prescribing patterns may be stored in separate systems that do not 

communicate effectively. Pharmacists and hospital managers may therefore make procurement 

or clinical decisions using incomplete or delayed information. This paragraph should identify 

fragmented data and limited real-time coordination as major problems that reduce the accuracy 

of pharmaceutical planning and weaken the capacity of hospitals to respond to changing patient 

demand (Sasseville, 2025; Zhu, 2025). 

Medication errors and inappropriate prescribing remain serious concerns within hospital 

care. Complex treatment regimens, polypharmacy, similar drug names, incomplete patient 

histories, changing laboratory values, and heavy professional workloads can increase the 

possibility of incorrect drug selection, dosage, timing, route, or duration. Conventional alert 

systems may generate excessive warnings without distinguishing between minor and clinically 

significant risks, causing users to ignore important notifications. This paragraph should explain 
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the need for intelligent expert systems that provide patient-specific, prioritized, and context-

sensitive recommendations rather than generic alerts that contribute to professional fatigue 

(East, 2026; Yıldırım, 2025). 

Economic and logistical uncertainty also complicates pharmaceutical management. 

Hospitals must balance the risk of stockouts against the financial and environmental costs of 

excess inventory, expired products, emergency purchasing, and inefficient storage. Medicine 

demand may change because of disease outbreaks, seasonal patterns, referral volumes, 

therapeutic policy revisions, or supply-chain disruptions. This paragraph should formulate the 

central research problem as the absence of an integrated decision-support framework that 

simultaneously addresses inventory efficiency, medication safety, clinical appropriateness, cost 

control, and operational resilience within smart hospital environments (Çiçek, 2025; Kaushik, 

2025). 

The primary objective of the study is to examine the role of AI-based expert systems in 

optimizing pharmaceutical management within smart hospitals. The research should investigate 

how intelligent systems can support decisions related to procurement, inventory control, 

medicine distribution, prescription review, dosage verification, and treatment monitoring. This 

paragraph should state clearly that the study aims to determine whether AI-supported 

pharmaceutical management can improve the accuracy, speed, consistency, and transparency of 

hospital decision-making compared with conventional procedures (Pulaski, 2025; Tanno, 

2025). 

The study should evaluate the influence of expert systems on measurable pharmaceutical 

and clinical outcomes. Relevant indicators may include stockout frequency, inventory turnover, 

expired medicine value, procurement lead time, medication-error rate, prescription 

appropriateness, adverse drug-event detection, pharmacist intervention time, and 

pharmaceutical expenditure. This paragraph should establish an objective related to comparing 

system performance before and after implementation or between AI-supported and non-AI 

pharmaceutical services. The expected result is empirical evidence showing whether 

technological recommendations translate into practical improvements in safety, efficiency, and 

cost management. 

A further objective is to assess the organizational, technical, ethical, and professional 

factors affecting successful adoption. The study should examine data quality, system 

interoperability, user trust, explainability, algorithmic bias, privacy protection, cybersecurity, 

professional autonomy, and accountability for AI-assisted decisions. This paragraph should 

clarify that optimization cannot be evaluated through prediction accuracy alone. Effective 

implementation requires a system that is clinically credible, operationally feasible, 

understandable to users, secure, and compatible with existing pharmaceutical workflows 

(Ashani, 2025; Rahman, 2025). 

Existing research on artificial intelligence in hospitals has extensively addressed medical 

imaging, diagnostic prediction, patient-risk classification, and treatment recommendation. 

Pharmaceutical management has received comparatively fragmented attention, with separate 

studies focusing on inventory forecasting, drug-interaction detection, prescription review, or 

adverse-event monitoring. Such specialization provides valuable technical insights but offers 

limited understanding of how these functions can operate as an integrated pharmaceutical-

management system. This paragraph should identify a conceptual gap between isolated AI 
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applications and comprehensive optimization across the entire medication-use process (Ashani, 

2025; Farber, 2025). 

Many studies report algorithmic accuracy without evaluating organizational and 

economic consequences. A demand-forecasting model may predict medicine consumption 

accurately, but its practical value remains uncertain if it does not reduce stockouts, expiration, 

emergency purchasing, or total inventory costs. A prescription-screening model may identify 

potential errors, yet its clinical benefit depends on alert relevance, pharmacist acceptance, 

physician response, and workflow integration. This paragraph should highlight the 

methodological gap created by evaluations that prioritize technical performance while 

neglecting implementation outcomes, professional behavior, and patient-safety effects (Grandi, 

2025; Raffay, 2025). 

Evidence concerning transparency, accountability, and fairness remains limited in 

pharmaceutical expert-system research. Black-box recommendations may be difficult for 

pharmacists and clinicians to verify, particularly when dosage, substitution, or treatment 

decisions involve high-risk patients. Training data may also reflect incomplete records, local 

prescribing biases, or unequal representation of patient groups. This paragraph should 

emphasize the need for studies that combine performance assessment with explainability, 

ethical governance, privacy, and human oversight. The research gap should be framed around 

the limited evaluation of whether AI-supported pharmaceutical decisions are not only accurate 

but also trustworthy, equitable, and professionally accountable. 

The novelty of the proposed study lies in conceptualizing AI-based expert systems as an 

integrated pharmaceutical intelligence layer within the smart hospital. The system should 

connect inventory records, electronic prescriptions, patient characteristics, laboratory results, 

clinical guidelines, supplier information, and medicine-cost data. This paragraph should 

explain that the framework moves beyond single-function applications by coordinating 

logistical and clinical decisions within one data-driven environment. Such integration can help 

hospitals align medicine availability with patient-specific therapeutic needs while reducing 

waste and operational delay (Hasan, 2025; Pham, 2025). 

A human-centered and explainable optimization framework constitutes another important 

contribution. The proposed system should not replace pharmacists or prescribers but should 

strengthen their capacity to identify risks, compare alternatives, and justify decisions. 

Recommendations should include understandable reasons, confidence levels, relevant patient 

data, and references to institutional rules or clinical guidelines. This paragraph should 

emphasize that the research evaluates not only whether an expert system produces accurate 

recommendations but also whether professionals can interpret, challenge, and responsibly 

apply them within real clinical workflows. 

The study is justified by the growing pressure on hospitals to deliver safer care while 

controlling expenditure, managing supply uncertainty, and responding to increasingly complex 

medication regimens. Pharmaceutical departments require decision-support tools that can 

process large volumes of rapidly changing clinical and operational data without reducing 

professional judgment to automated compliance. This paragraph should conclude that the 

research offers theoretical value by integrating artificial intelligence, pharmaceutical 

governance, and smart-hospital management within one framework. Practical value may 

emerge through guidance for pharmacists, hospital administrators, clinicians, software 
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developers, and policymakers seeking to implement AI systems that are efficient, explainable, 

secure, and centered on patient safety. 

 

RESEARCH METHOD 

This study employed a multi-site mixed-methods quasi-experimental design to evaluate 

the role of an artificial intelligence-based expert system in optimizing pharmaceutical 

management in smart hospitals. The quantitative component used a controlled pre-intervention 

and post-intervention comparison to measure changes in pharmaceutical efficiency, medication 

safety, inventory performance, and operational costs. The qualitative component explored user 

experiences, professional trust, system explainability, workflow compatibility, and 

organizational barriers affecting implementation. This design enabled the study to assess both 

measurable system outcomes and the contextual factors influencing the successful adoption of 

AI-assisted pharmaceutical management (Li, 2025; Wong, 2025). 

Research Design 

The intervention consisted of an integrated AI-based expert system connected to 

electronic health records, electronic prescribing platforms, pharmacy inventory databases, 

laboratory information systems, and supplier records. The system supported medicine-demand 

forecasting, stock-level optimization, prescription screening, drug-interaction detection, dosage 

adjustment, antimicrobial review, expiration-risk prediction, and adverse drug-event 

identification. Recommendations were displayed through a clinical dashboard that presented 

alert priority, supporting patient data, confidence levels, and the clinical or operational 

rationale underlying each recommendation. 

 
Figure 1. Research Flow of AI-Based Expert System Implementation and Evaluation in 

Hospital Pharmaceutical Management 
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Four smart hospitals with comparable pharmaceutical service capacity participated in the 

study. Two hospitals implemented the AI-based expert system, while two comparison hospitals 

continued using conventional electronic pharmaceutical-management procedures. Outcome 

data were collected during a six-month baseline period and a six-month intervention period. 

The comparison structure allowed the study to distinguish changes associated with the expert 

system from general variations in patient volume, medicine use, seasonal disease patterns, and 

hospital operational policies. 

A human-in-the-loop model governed all AI-supported decisions. Pharmacists and 

authorized clinicians retained final responsibility for prescription validation, medicine 

substitution, dosage modification, procurement approval, and inventory adjustment. The 

system generated recommendations but did not independently execute high-risk clinical or 

financial actions. This arrangement protected professional autonomy and allowed the study to 

assess whether AI assistance improved decision quality without replacing clinical judgment. 

Population and Samples 

The target population consisted of pharmaceutical-management activities conducted 

within smart hospitals, including procurement, inventory control, storage, prescribing, 

prescription verification, dispensing, medicine administration, adverse-event monitoring, and 

expenditure management. The professional population included hospital pharmacists, 

pharmacy technicians, physicians, nurses, procurement officers, information-technology 

personnel, and hospital managers involved in the medication-use process. The data population 

included prescription records, medicine transactions, inventory logs, laboratory results, 

adverse-event reports, purchasing documents, and supplier-performance records. 

The participating hospitals were selected purposively according to predefined eligibility 

criteria. Eligible hospitals were required to use electronic health records, electronic prescribing, 

computerized pharmacy inventory systems, and standardized medication-safety procedures. 

Each hospital was also required to maintain accessible pharmaceutical records for at least 

twelve months before the study. Hospitals undergoing major organizational restructuring, 

pharmaceutical outsourcing, or complete information-system replacement during the study 

period were excluded because such changes could independently affect the research outcomes 

(Shen, 2025; Spyrou, 2025). 

The quantitative sample consisted of approximately 120,000 inpatient and outpatient 

prescriptions processed during the twelve-month observation period. The sample also included 

transaction records for approximately 1,200 pharmaceutical products and all documented 

stockouts, expired products, emergency purchases, pharmacist interventions, prescribing alerts, 

and adverse drug events recorded during the study. Prescription records were included when 

they contained valid patient identifiers, medicine information, dosage instructions, diagnostic 

data, and processing timestamps. Records with missing essential fields, duplicated transactions, 

test entries, or canceled prescriptions were excluded from the principal analysis. 

Instruments, and Data Collection Techniques 

The primary intervention instrument was an AI-based pharmaceutical expert system 

developed through a hybrid architecture combining rule-based reasoning, predictive analytics, 

and machine-learning algorithms. The rule-based component applied institutional formularies, 

prescribing protocols, dosage guidelines, allergy information, contraindications, renal and 

hepatic adjustment rules, and clinically significant drug-interaction criteria. The predictive 
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component forecast medicine demand, stockout risk, expiration probability, supplier delay, and 

potential adverse drug events based on historical and real-time data. 

A Pharmaceutical Management Performance Form was used to record operational 

outcomes. The instrument documented stockout frequency, inventory turnover, emergency 

procurement, procurement lead time, expired medicine value, inventory holding cost, supplier 

fulfillment rate, prescription-processing time, and pharmaceutical expenditure. Data were 

retrieved automatically from hospital information systems and verified against pharmacy and 

procurement reports. Standardized definitions were applied across all hospitals to ensure that 

performance indicators were measured consistently. 

A Medication Safety Assessment Form was developed to evaluate prescription 

appropriateness and clinical risk. The instrument recorded incorrect dosage, duplication of 

therapy, contraindications, allergy conflicts, serious drug interactions, inappropriate duration, 

antimicrobial misuse, and required dose adjustment. Alert acceptance, alert rejection, 

pharmacist intervention, physician response, and confirmed adverse drug events were also 

documented. A multidisciplinary panel reviewed a randomly selected sample of prescriptions 

to establish the accuracy of system recommendations (Shen, 2025; Spyrou, 2025). 

A System Usability and Professional Acceptance Questionnaire measured perceived 

usefulness, ease of use, trust, explainability, alert relevance, workflow compatibility, 

professional autonomy, and intention to continue using the system. Responses were recorded 

on a five-point Likert scale. The questionnaire also included items concerning alert fatigue, 

perceived algorithmic bias, data privacy, cybersecurity, accountability, and confidence in 

challenging AI-generated recommendations. Higher scores indicated more favorable 

perceptions of the expert system. 

Data Analysis Technique 

The research procedure began with institutional preparation and system assessment. 

Meetings were conducted with hospital leaders, pharmacy departments, clinical units, 

procurement teams, information-technology personnel, and ethics representatives. Existing 

pharmaceutical workflows, data structures, prescription-review procedures, procurement 

processes, and reporting standards were mapped before system implementation. Ethical 

approval and institutional permission were obtained before accessing patient, professional, and 

operational data. 

Baseline data were collected for six months in all participating hospitals. Pharmaceutical 

performance, medication-safety outcomes, user workload, procurement activity, and inventory 

movement were documented using existing hospital systems. Researchers reviewed data 

completeness, coding consistency, timestamp accuracy, and interoperability among electronic 

platforms. Prescription samples were independently assessed by the expert panel to establish 

baseline medication-error rates and verify the reliability of routine reporting. 

The AI-based expert system was integrated into the information infrastructure of the two 

intervention hospitals after baseline data collection. Historical prescription, consumption, 

inventory, and supplier data were used to train and calibrate the predictive models. Rule-based 

components were adapted to hospital formularies, clinical protocols, and medication-safety 

policies. Patient-identifying data were encrypted, access was restricted according to 

professional roles, and all system activities were recorded in audit logs. 

The full intervention was implemented for six months. The expert system analyzed 

prescription, inventory, laboratory, and procurement data continuously and generated real-time 
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recommendations. Pharmacists and clinicians recorded whether each recommendation was 

accepted, modified, rejected, or considered irrelevant. Procurement and inventory teams 

reviewed demand forecasts and stockout predictions during routine planning meetings. System 

performance and user responses were monitored weekly to identify unexpected errors or safety 

concerns. 

Comparison hospitals continued their established pharmaceutical-management 

procedures during the same period. Researchers did not introduce additional AI-supported 

functions into these hospitals. Outcome indicators were collected using the same definitions, 

schedules, and data-validation procedures applied in the intervention hospitals. This parallel 

data collection supported comparison between changes associated with AI implementation and 

changes caused by broader institutional or seasonal factors. 

Economic evaluation compared implementation and operating costs with financial 

savings generated through reduced waste, fewer emergency purchases, optimized inventory, 

improved supplier selection, and avoidance of preventable medication-related harm. Return on 

investment and cost-benefit ratios were calculated for the intervention period and projected 

over three years. Sensitivity analysis tested alternative assumptions concerning software cost, 

maintenance expenditure, system accuracy, medicine prices, and annual prescription volume 

(Yang, 2025; Zou, 2025). 

 

RESULTS AND DISCUSSION 

The final quantitative dataset comprised 122,480 valid prescriptions processed across 

four smart hospitals during the twelve-month observation period. A total of 61,360 

prescriptions originated from the two intervention hospitals, while 61,120 prescriptions were 

recorded in the comparison hospitals. Data-cleaning procedures excluded 1,846 duplicate 

entries, 1,127 canceled prescriptions, 624 test records, and 923 prescriptions with incomplete 

medicine or patient information. The pharmaceutical inventory dataset included 1,186 active 

products, 14,232 monthly item-level observations, 427 documented stockout events, 380 

emergency purchases, and 214 batches of expired medicines. 

The professional survey was completed by 116 of the 120 recruited participants, 

producing a response rate of 96.67%. The respondents consisted of 39 pharmacists, 19 

pharmacy technicians, 20 physicians, 15 nurses, eight procurement officers, eight information-

technology specialists, and seven hospital managers. Thirty-two professionals participated in 

individual interviews, while four focus group discussions were conducted with pharmacists and 

pharmacy technicians. Baseline comparisons showed no significant differences between 

intervention and comparison hospitals in prescription volume, pharmaceutical expenditure, 

stockout rates, medication-error rates, or average prescription-processing time. 

Table 1. Baseline Characteristics of the Intervention and Comparison Hospitals 

Baseline Indicator 
Intervention 

Hospitals 
Comparison Hospitals p-value 

Prescriptions processed 30,420 30,280 0.741 

Active pharmaceutical products 598 588 0.682 

Stockouts per 1,000 item-

months 

28.40 ± 4.71 27.90 ± 4.55 0.774 

Medication-error rate (%) 3.82 ± 0.46 3.74 ± 0.41 0.691 

Expired medicine value (USD) 184,600 179,300 0.635 
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Emergency purchases, n 112 107 0.728 

Mean prescription-processing 

time (minutes) 

13.60 ± 3.12 13.40 ± 3.07 0.803 

Pharmaceutical expenditure 

(USD million) 

5.84 5.79 0.817 

 

The similarity of baseline indicators strengthened the comparative interpretation of post-

intervention changes. Both hospital groups managed comparable prescription volumes, 

medicine portfolios, stockout burdens, medication-safety risks, and pharmaceutical 

expenditures before implementation. Seasonal disease patterns and monthly patient volumes 

also followed similar trajectories during the baseline period. These conditions reduced the 

likelihood that subsequent differences were caused primarily by pre-existing operational 

advantages in the intervention hospitals. 

Operational records showed that pharmaceutical-management problems were 

concentrated in several high-demand and high-risk categories. Anti-infective medicines, 

cardiovascular drugs, insulin products, anticoagulants, emergency medicines, and oncology-

supportive agents accounted for 63.40% of documented stockouts. Dosage errors, serious drug 

interactions, therapeutic duplication, renal-dose adjustment failures, and inappropriate 

antimicrobial duration represented the most frequent medication-safety concerns. Manual 

forecasting commonly relied on recent consumption averages and did not consistently 

incorporate disease trends, pending supplier orders, patient acuity, or expected seasonal 

demand. 

Post-intervention performance improved across all principal pharmaceutical-management 

indicators in the AI-supported hospitals. Stockouts declined from 28.40 to 14.70 events per 

1,000 item-months, representing a reduction of 48.24%. The value of expired medicines 

decreased from USD 184,600 to USD 106,200, while emergency purchases declined from 112 

to 61 events. Mean procurement lead time decreased from 12.80 to 9.30 days, and inventory 

turnover increased from 5.10 to 6.70 cycles annually. The comparison hospitals recorded 

smaller changes during the same period. 

Medication-safety outcomes showed a similar pattern. The medication-error rate in the 

intervention hospitals declined from 3.82% to 2.06%, while the comparison hospitals showed a 

reduction from 3.74% to 3.49%. Mean prescription-processing time decreased to 8.90 minutes 

in the intervention hospitals and to 12.80 minutes in the comparison hospitals. Confirmed 

preventable adverse drug events declined by 31.58% in the AI-supported hospitals. Pharmacists 

accepted 71.20% of all clinically significant recommendations and 88.40% of high-priority 

alerts. 

Table 2. Changes in Pharmaceutical-Management Outcomes 

No. Assessment Aspect Score 

   

   

   

Mean   
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Difference-in-differences analysis confirmed that AI implementation produced 

statistically significant improvements after controlling for baseline performance, patient 

volume, hospital size, case complexity, and seasonal variation. The adjusted reduction in 

stockouts was 11.60 events per 1,000 item-months, 95% confidence interval from −14.20 to 

−9.00, (p<0.001). The intervention was also associated with a 1.51-percentage-point reduction 

in medication errors, (p<0.001), a 3.90-minute reduction in prescription-processing time, 

(p<0.001), and a USD 70,500 adjusted reduction in expired medicine value, (p=0.002). 

Multilevel regression showed that the probability of a medication error was 43% lower 

after AI implementation, adjusted odds ratio (=0.57), 95% confidence interval (0.50–0.65), 

(p<0.001). The probability of a stockout was 46% lower, adjusted incidence-rate ratio (=0.54), 

95% confidence interval (0.45–0.64), (p<0.001). High-risk prescriptions were more likely to 

receive pharmacist intervention when supported by the expert system, adjusted odds ratio 

(=1.84), 95% confidence interval (1.61–2.11), (p<0.001). No significant increase in 

inappropriate prescription rejection was observed, indicating that improved safety did not result 

from indiscriminate alerting. 

Table 3. Inferential Effects of AI-Based Expert-System Implementation 

 

Outcome Indicator 
Intervention 

Baseline 

Intervention 

Post-

intervention 

Comparison 

Baseline 

Comparison 

Post-

intervention 

Stockouts per 1,000 

item-months 

28.40 14.70 27.90 25.80 

Expired medicine value 

(USD) 

184,600 106,200 179,300 170,100 

Emergency purchases, n 112 61 107 100 

Procurement lead time 

(days) 

12.80 9.30 12.60 12.10 

Inventory turnover 

(annual cycles) 

5.10 6.70 5.20 5.40 

Medication-error rate 

(%) 

3.82 2.06 3.74 3.49 

Preventable adverse 

drug events, n 

38 26 36 34 

Prescription-processing 

time (minutes) 

13.60 8.90 13.40 12.80 

Pharmaceutical 

expenditure (USD 

million) 

5.84 5.39 5.79 5.72 

 

Correlation analysis identified a strong positive relationship between perceived 

explainability and professional trust in the AI system, (r=0.72), (p<0.001). Alert relevance was 

positively related to recommendation acceptance, (r=0.68), (p<0.001), while perceived alert 

overload was negatively related to acceptance, (r=-0.61), (p<0.001). Workflow compatibility 

was strongly associated with intention to continue using the system, (r=0.70), (p<0.001). 

Professional experience showed only a weak relationship with system acceptance, suggesting 

that the quality of system design was more influential than seniority. 
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Regression analysis showed that explainability, alert relevance, workflow compatibility, 

and training adequacy collectively explained 64.30% of the variance in user trust, (R^2=0.643), 

(F(4,111)=49.94), (p<0.001). Explainability emerged as the strongest predictor, (\beta=0.39), 

followed by alert relevance, (\beta=0.31), workflow compatibility, (\beta=0.24), and training 

adequacy, (\beta=0.17). Forecast accuracy was negatively associated with stockout frequency, 

(r=-0.74), (p<0.001), and expiration risk, (r=-0.52), (p<0.001). 

Table 4. Relationships among AI Performance, Trust, and Pharmaceutical Outcomes 

Variable Relationship Coefficient p-value Interpretation 

Explainability and professional trust (r=0.72) <0.001 Strong positive 

relationship 

Alert relevance and recommendation 

acceptance 

(r=0.68) <0.001 Strong positive 

relationship 

Alert overload and recommendation 

acceptance 

(r=-0.61) <0.001 Strong 

negative 

relationship 

Workflow compatibility and continued-

use intention 

(r=0.70) <0.001 Strong positive 

relationship 

Forecast accuracy and stockout frequency (r=-0.74) <0.001 Strong 

negative 

relationship 

Forecast accuracy and expiration risk (r=-0.52) <0.001 Moderate 

negative 

relationship 

 

A high-risk anticoagulation case provided a focused illustration of the system’s clinical 

contribution. An older inpatient with reduced renal function received an electronic prescription 

for a standard dose of an anticoagulant while also receiving an interacting antimicrobial 

medicine. The expert system integrated the patient’s age, renal laboratory results, active 

medication list, bleeding-risk profile, and institutional dosing rules. It classified the 

prescription as high priority and recommended a dose reduction, enhanced laboratory 

monitoring, and review of the interacting antimicrobial agent. 

System logs showed that the alert was displayed 11 seconds after prescription entry. The 

clinical pharmacist reviewed the recommendation within four minutes and contacted the 

prescribing physician. The anticoagulant dose was reduced, the interacting antimicrobial agent 

was replaced, and follow-up laboratory monitoring was ordered. Independent panel review 

classified the original prescription as a probable preventable medication error with potential for 

serious bleeding. The AI recommendation was judged clinically appropriate and adequately 

explained. 

Table 5. Performance of the AI System in the High-Risk Anticoagulation Case 

Case Indicator Recorded Outcome 

Time from prescription to AI alert 11 seconds 

Alert priority High 

Time to pharmacist review 4 minutes 

Primary detected risks Renal impairment, excessive dose, drug interaction 

Recommended actions Dose reduction, alternative antimicrobial, laboratory 

monitoring 

Pharmacist response Accepted 
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Physician response Accepted with modification 

Expert-panel classification Preventable high-risk medication error 

Documented adverse event None 

 

The case-study improvement resulted from the system’s capacity to integrate information 

that had previously been reviewed through separate clinical screens. Renal function, drug 

interaction, age-related risk, dosage recommendations, and current therapy were evaluated 

within one decision pathway. The conventional electronic prescribing system displayed the 

medicines and laboratory values but did not synthesize them into a prioritized patient-specific 

recommendation. The expert system reduced the cognitive burden associated with retrieving 

and comparing information from multiple sources. 

User interviews indicated that the recommendation was accepted because it included an 

understandable explanation rather than only displaying a generic interaction warning. The 

pharmacist could identify which patient variables triggered the alert, review the relevant 

institutional rule, and challenge the recommendation if necessary. The prescriber also retained 

final authority over therapy. This combination of speed, transparency, and professional control 

strengthened acceptance and prevented the system from functioning as an unaccountable 

automated decision-maker. 

The combined findings indicate that AI-based expert systems can optimize 

pharmaceutical management when clinical and logistical functions are integrated within the 

hospital information environment. The intervention reduced stockouts, expired inventory, 

emergency purchasing, processing time, medication errors, and preventable adverse drug 

events. Improvements were strongest when the system used reliable data, generated clinically 

prioritized alerts, provided understandable reasoning, and remained embedded within 

pharmacist- and clinician-led decision processes. 

 
Figure 2. Performance of the AI-Based Expert System in a High-Risk Anticoagulation Case 

 

The practical meaning of the results is that algorithmic accuracy alone was insufficient to 

produce institutional benefit. Forecasting performance required connection with procurement 

and inventory decisions, while medication-safety recommendations required professional 
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review and workflow compatibility. Human oversight remained essential because some alerts 

were rejected, modified, or judged inappropriate. The AI-based expert system therefore 

functioned most effectively as an explainable pharmaceutical intelligence layer that augmented 

professional judgment rather than replacing pharmacists, prescribers, or hospital managers. 

The findings demonstrate that the AI-based expert system improved pharmaceutical 

management across clinical, logistical, and economic dimensions. Intervention hospitals 

experienced substantial reductions in stockout frequency, emergency purchasing, expired 

medicine value, procurement lead time, and total pharmaceutical expenditure. Inventory 

turnover also increased after implementation, indicating that medicine supplies were used more 

efficiently without producing a corresponding increase in shortages. These outcomes suggest 

that the expert system strengthened the ability of pharmaceutical departments to align 

procurement and inventory decisions with changing patterns of medicine consumption, patient 

demand, supplier performance, and available stock. 

Medication-safety outcomes also improved following the introduction of the expert 

system. The medication-error rate declined from 3.82% to 2.06% in the intervention hospitals, 

while comparison hospitals recorded only a limited reduction. Preventable adverse drug events 

became less frequent, pharmacist intervention increased for high-risk prescriptions, and 

prescription-processing time decreased considerably. The adjusted analyses confirmed that 

these improvements remained significant after accounting for patient volume, case complexity, 

hospital size, medicine category, and seasonal variation. The system therefore appeared to 

improve both the accuracy and efficiency of pharmaceutical decision-making rather than 

merely accelerating prescription processing. 

Professional acceptance depended strongly on how the system presented and integrated 

its recommendations. Explainability, alert relevance, workflow compatibility, and adequate 

training collectively explained a substantial proportion of user trust. Recommendations 

supported by patient-specific clinical information, confidence estimates, and understandable 

reasons were more likely to be accepted than generic warnings. Alert overload produced the 

opposite effect and reduced professional responsiveness. These patterns indicate that an expert 

system gains practical value only when its recommendations are perceived as relevant, 

interpretable, and compatible with established pharmaceutical and clinical responsibilities. 

The anticoagulation case illustrated the operational meaning of the aggregate findings. 

The system rapidly connected renal impairment, excessive dosage, an interacting antimicrobial 

agent, age-related risk, and institutional dosing rules within one alert. Pharmacist review and 

physician modification prevented a potentially serious medication error while preserving 

professional authority over the final decision. The absence of an adverse event cannot establish 

causality in one case, but the sequence shows how integrated data analysis can support earlier 

risk recognition. Human review remained essential because the system identified and explained 

the risk without independently changing the prescription. 

The reduction in stockouts is consistent with empirical research showing that machine-

learning models can use pharmacy and historical shortage data to anticipate future medicine 

shortages. A Canadian study predicted shortage categories one month in advance with an 

overall accuracy of approximately 69%, although performance was weaker for the most severe 

shortages. The researchers emphasized that forecasts should be integrated with ordering 

systems, inventory status, anticipated demand, and pharmacists’ risk tolerance rather than used 

as isolated predictions. The present study extends this evidence by connecting forecasting 
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directly with measurable operational outcomes, including lower stockouts, fewer emergency 

purchases, improved turnover, and reduced expiration losses. 

The recommendation-acceptance results resemble those reported for a semi-automated 

hospital clinical decision-support system in which alerts were either transmitted directly to 

physicians or reviewed first by clinical pharmacists. That study recorded an overall acceptance 

rate of 72.4% and found that pharmacist involvement limited physician alert burden while 

maintaining high acceptance. The 71.20% overall acceptance rate observed in the present study 

is closely aligned with that evidence, while the 88.40% acceptance of high-priority alerts 

suggests that risk-based prioritization further improved responsiveness. The findings reinforce 

the value of using pharmacists as an interpretive and safety layer between algorithmic detection 

and clinical action. 

The medication-safety findings also correspond with research on pharmacist-evaluated 

electronic algorithms for prescription appropriateness. A hospital study of proton-pump-

inhibitor prescribing reported high specificity, substantial sensitivity, and different acceptance 

rates depending on whether the alert recommended treatment initiation or discontinuation. 

Prescribing recommendations were accepted more frequently than termination 

recommendations, demonstrating that technical accuracy does not guarantee uniform clinical 

response. The present research supports this conclusion because acceptance varied according to 

alert priority, clinical relevance, and the quality of the explanation. Its contribution is broader 

because the evaluated system addressed multiple medicine classes, patient-specific dosage 

rules, drug interactions, inventory decisions, and adverse-event risks. 

The relationship between explainability and trust is consistent with an experimental study 

involving 292 physicians and medical trainees. Explainable recommendations were positively 

associated with trust, while deep workflow integration also strengthened confidence in an AI-

based clinical decision-support system. The same study found that accountability mechanisms 

and highly visible AI capabilities could create professional identity concerns, showing that 

explainability may have complex effects rather than producing automatic acceptance. The 

present findings confirm the positive trust pathway but also indicate that human authority and 

the ability to reject recommendations reduced perceptions of professional displacement. 

The findings signal that the main value of AI in pharmaceutical management lies in 

integration rather than isolated prediction. Hospitals already possess large quantities of 

prescription, laboratory, inventory, procurement, supplier, and patient data, but these data are 

often distributed across separate information systems. Professional decisions remain vulnerable 

when important variables must be retrieved and reconciled manually. The expert system 

improved performance because it transformed fragmented records into coordinated clinical and 

operational recommendations. Artificial intelligence therefore functioned as an information-

integration mechanism rather than merely as an advanced statistical calculator. 

The reduction in alert burden signals that medication safety depends on the quality of 

warnings rather than their quantity. Conventional decision-support systems may identify 

numerous theoretical interactions or protocol deviations without adequately distinguishing 

urgent clinical threats from low-value notifications. Excessive warning volume can weaken 

attention and encourage routine overriding. Context-based systems have achieved high 

acceptance when algorithms and pharmacist review limit alerts sent to physicians, supporting 

the current finding that prioritization is central to system effectiveness. 
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The strong relationship between forecast accuracy and pharmaceutical outcomes signals 

that inventory management is a clinical safety function as well as a logistical responsibility. 

Stockouts may delay treatment, force substitutions, increase emergency procurement, or expose 

patients to less familiar therapeutic alternatives. Excess inventory creates a different form of 

risk through expiration, storage burden, financial waste, and reduced flexibility. Predictive 

models become useful when their outputs inform balanced ordering decisions rather than 

encouraging indiscriminate stock accumulation. Previous shortage-forecasting research 

similarly cautions that highly inaccurate severe-shortage alerts may generate fatigue and 

inappropriate ordering behavior (Chouhan, 2025; Christiansen, 2025). 

The user-trust findings signal that professional acceptance is conditional and 

continuously negotiated. Pharmacists and clinicians did not accept recommendations simply 

because they were generated by an advanced system. Acceptance increased when the system 

demonstrated clinical relevance, showed its reasoning, fitted existing workflows, and left final 

authority with qualified professionals. Explainability and workflow integration have also been 

shown experimentally to strengthen trust, although they may simultaneously raise questions 

concerning responsibility and professional identity. Trust should therefore be understood as an 

outcome of repeated system performance and organizational design rather than as a stable 

personal attitude toward technology. 

The theoretical implication lies in conceptualizing pharmaceutical management as a 

unified clinical–logistical intelligence system. Inventory planning and prescription safety are 

often studied separately, although both depend on medicine demand, patient characteristics, 

treatment policies, supply reliability, and institutional resources. The present findings show that 

a decision affecting procurement may later influence treatment availability, while prescribing 

trends can alter stock requirements and expenditure. Smart-hospital pharmaceutical theory 

should therefore connect supply-chain intelligence with patient-level therapeutic decision 

support. 

The practical implication is that hospitals should redesign pharmaceutical workflows 

rather than simply install an AI application beside existing systems. Demand forecasts must be 

incorporated into procurement meetings, inventory thresholds, supplier planning, and 

emergency-preparedness procedures. Clinical alerts must appear at the point where pharmacists 

and prescribers can review and act on them without repeatedly leaving the electronic workflow. 

Previous studies have emphasized that shortage forecasts require careful integration and 

iterative pharmacist feedback, while context-based medication alerts achieve better acceptance 

when they are embedded in routine hospital processes. 

The managerial implication concerns resource allocation and performance assessment. 

Reduced expiration, stockouts, emergency purchases, and processing time can produce 

economic benefits, but software licensing and model maintenance also create new costs. 

Hospital leaders should evaluate total value rather than focusing only on algorithmic accuracy. 

Appropriate performance measures include patient-safety outcomes, inventory efficiency, 

professional workload, financial savings, alert acceptance, system downtime, and unintended 

consequences. A technically accurate system may remain economically or operationally 

unsuccessful when it requires excessive manual review or generates recommendations that 

users cannot apply (Broek, 2025; Weeks, 2025). 

The ethical and governance implication is that AI recommendations require transparent 

accountability. Pharmacists and physicians must know whether the system is providing a 
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mandatory safety rule, a probabilistic forecast, or an optional clinical suggestion. 

Responsibility should not be transferred ambiguously from the institution to individual 

professionals through automatic signature requirements. Empirical research indicates that 

explainability can increase trust while accountability design may simultaneously heighten 

perceived professional threat. Governance arrangements should therefore clarify organizational 

responsibility for model selection, validation, monitoring, data quality, system updates, and 

clinical escalation. 

The reduction in inventory problems occurred because the AI system processed a wider 

range of predictive variables than conventional consumption-based forecasting. Historical use 

remained important, but patient volumes, seasonal disease patterns, current stock, pending 

orders, supplier performance, treatment changes, and expiration risks were considered 

simultaneously. Previous shortage-prediction research found that recent shortages and changes 

in medicine supply were among the strongest predictive features. The integration of current 

institutional data likely allowed the present system to convert those patterns into more precise 

ordering recommendations. 

The decline in medication errors resulted from automated synthesis of patient-specific 

variables. Dosage appropriateness may depend on renal function, hepatic status, age, weight, 

diagnosis, allergies, interacting medicines, and treatment duration. Professionals can evaluate 

these factors manually, but time pressure and fragmented displays increase cognitive burden. 

The expert system continuously screened these variables and highlighted combinations 

requiring attention. Pharmacists then evaluated the clinical meaning of the alert, allowing 

automation to support detection while professional reasoning addressed context and therapeutic 

alternatives. 

The high acceptance of priority alerts occurred because the system reduced the number of 

weak or irrelevant warnings reaching clinicians. Alert fatigue develops when users repeatedly 

encounter recommendations that do not require meaningful action. Pharmacist-reviewed and 

context-sensitive systems have previously produced strong acceptance while limiting the 

number of notifications sent directly to physicians. The current system followed the same 

principle by differentiating alert severity and presenting high-priority events prominently. This 

approach concentrated professional attention on risks with greater potential for patient harm 

(Aydin, 2025; Ridley, 2025). 

The strong influence of explainability occurred because pharmaceutical decisions require 

justification. A pharmacist cannot responsibly recommend dose modification or medicine 

substitution without understanding which clinical information generated the recommendation. 

The anticoagulation case was persuasive because the system identified renal impairment, drug 

interaction, dosage excess, and monitoring requirements in a transparent sequence. 

Experimental evidence also indicates that explanations and deep workflow integration 

strengthen trust in AI-supported clinical decisions. Professional users were therefore more 

likely to act when the system supported rather than obscured their reasoning. 

Future research should evaluate the system through longer prospective studies involving 

a larger number of hospitals. The current quasi-experimental design provides stronger evidence 

than a simple post-implementation survey, but hospital allocation was not randomized and the 

intervention period remained relatively short. Cluster-randomized, stepped-wedge, or 

interrupted time-series designs could strengthen causal interpretation. Longer monitoring is 
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needed to determine whether reductions in errors and stockouts remain stable after initial 

training, technical support, and user enthusiasm decline. 

Future model validation should examine performance across patient groups, clinical 

departments, medicine categories, and hospital settings. A system trained primarily on adult 

internal-medicine data may perform differently in pediatrics, oncology, intensive care, 

obstetrics, or highly specialized treatment environments. Subgroup analysis should assess 

whether false-negative and false-positive rates differ according to age, sex, comorbidity, 

disease severity, disability, or socioeconomic status. External validation should precede 

deployment in hospitals using different formularies, clinical protocols, supplier networks, and 

electronic-record structures (Banh, 2025; Parise, 2025). 

Future inventory research should integrate broader supply-chain information. Pharmacy-

based models can predict many shortages, but previous research found that performance was 

weakest when estimating the severity of the largest disruptions. Manufacturer reliability, 

distributor inventory, regional shortages, transport interruptions, regulatory actions, and 

geopolitical risks could improve prediction. Forecasts should also distinguish between an item 

that is clinically substitutable and one whose absence creates an immediate treatment risk. 

Future implementation should establish continuous governance rather than treating 

validation as a one-time event. Hospitals require multidisciplinary oversight involving 

pharmacists, clinicians, information-technology specialists, data scientists, patient-safety 

officers, procurement staff, and institutional leaders. Monitoring should detect model drift, 

data-quality deterioration, changes in prescribing practice, emerging bias, excessive overrides, 

and unexpected safety incidents. Professional feedback should be used to recalibrate thresholds 

and improve explanations without allowing local preferences to weaken essential safety rules. 

Human oversight must remain active because the system’s purpose is to strengthen accountable 

pharmaceutical judgment, not to automate responsibility. 

 

CONCLUSION 

The most important finding of this study is that an AI-based expert system can improve 

pharmaceutical management when clinical decision support and supply-chain intelligence are 

integrated within the same smart-hospital environment. The intervention was associated with 

lower stockout frequency, reduced expired medicine value, fewer emergency purchases, faster 

prescription processing, and a lower medication-error rate. High-priority alerts achieved the 

strongest professional acceptance because they combined patient-specific information, clinical 

relevance, and understandable explanations. These findings demonstrate that artificial 

intelligence creates the greatest institutional value when it supports pharmacists and clinicians 

in identifying risks, coordinating information, and making timely decisions rather than 

attempting to replace professional judgment. 

The study offers both conceptual and methodological contributions to pharmaceutical-

management research. Its conceptual contribution lies in framing hospital pharmacy as an 

integrated clinical–logistical intelligence system in which prescribing safety, inventory 

availability, procurement efficiency, expenditure control, and professional accountability are 

interdependent. Its methodological contribution emerges from combining a multi-site quasi-

experimental design, difference-in-differences estimation, multilevel analysis, economic 

evaluation, prescription review, user-acceptance measurement, and qualitative inquiry. This 

integrated approach provides a broader assessment than studies that evaluate predictive 
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accuracy or usability separately because it connects algorithmic performance with clinical 

outcomes, operational efficiency, financial consequences, workflow compatibility, 

explainability, and human oversight. 

The principal limitations of this study concern the non-randomized allocation of 

hospitals, the relatively short intervention period, the limited number of participating 

institutions, and the dependence of system performance on local data quality and hospital-

specific clinical rules. Differences in formularies, electronic-record structures, professional 

practices, patient populations, and supplier networks may restrict the transferability of the 

findings to other settings. Future research should involve larger hospital networks, longer 

prospective observation, cluster-randomized or stepped-wedge designs, and external validation 

across different clinical departments and patient groups. Further studies should also examine 

algorithmic fairness, model drift, cybersecurity risk, long-term return on investment, 

accountability arrangements, and the performance of AI-assisted pharmaceutical systems 

during supply disruptions and public health emergencies. 
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