
 

 

 @2024. This is an open access article distributed under the terms of the 

Creative Commons License [ CC BY NC 4.0 ] and is available on http://www.gjirp.org/ 

21 

International Journal of Pharmaceutical Creativity and Innovation (IJPCI) 
ISSN (Online): Request Pending 

Volume-1 Issue-1 || Jan – Mar 2024 || PP. 21 – 28 

 

 

  

https://ijpci.org/ 

Explainable AI in Clinical Pharmacy Decision Support 

Systems 

Haruto Watanabe 

Independent Researcher 

Kyoto, Japan, JP, 600-0001 

 
http://ijpci.org/ || Vol. 1 No. 1 (2024): January Issue 

Date of Submission: 27-11-2023 Date of Acceptance: 16-12-2023 Date of Publication: 06-01-2024 

Abstract — Clinical Pharmacy Decision Support Systems 

(CPDSS) are increasingly integrating Artificial 

Intelligence (AI) to improve medication safety, optimize 

therapeutic outcomes, and support evidence-based 

clinical decision-making. However, many advanced AI 

models operate as "black boxes," limiting clinician trust 

and regulatory acceptance. Explainable Artificial 

Intelligence (XAI) addresses this limitation by providing 

transparent, interpretable, and clinically meaningful 

explanations for AI-generated recommendations. This 

manuscript explores the role of XAI in enhancing 

medication management, adverse drug event prediction, 

drug-drug interaction detection, and personalized 

pharmacotherapy. It reviews recent developments in 

explainability techniques and their application in 

pharmacy practice while highlighting current challenges 

and future opportunities. The discussion emphasizes that 

explainable AI has the potential to improve healthcare 

quality, patient safety, and clinician confidence in AI-

assisted pharmacy services. 

 

Fig 1: AI Decision Support Systems 

Source: https://www.researchgate.net/figure/Category-and-

characteristics-of-AI-decision-support-

systems_fig2_378246987 
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Introduction 

Artificial Intelligence (AI) has become one of the most 

transformative technologies in modern healthcare, 

significantly influencing diagnostic medicine, clinical 

decision-making, pharmaceutical research, and patient 

management. Within clinical pharmacy, AI has enabled 

healthcare professionals to process large volumes of patient 

information, identify medication-related risks, predict 

adverse drug reactions, optimize therapeutic regimens, and 

improve medication safety. The increasing availability of 

electronic health records (EHRs), laboratory databases, 

genomic information, wearable device data, and real-time 

monitoring systems has created an ideal environment for AI-

powered Clinical Pharmacy Decision Support Systems 

(CPDSS). 

 

Fig 2: Clinical Decision Support Service (CDSS) 

Source: 

https://www.sciencedirect.com/science/article/pii/S0363018

820301080 

Clinical pharmacists play a crucial role in ensuring safe, 

effective, and economical medication therapy. They routinely 

evaluate prescriptions, identify drug-related problems, 

recommend dosage adjustments, assess potential drug-drug 

interactions, monitor adverse drug reactions, and counsel 

patients regarding medication adherence. However, the 

growing complexity of pharmacotherapy, increasing 

prevalence of chronic diseases, polypharmacy among elderly 

patients, and expanding availability of novel therapeutics 

have considerably increased pharmacists' workload. AI-

assisted decision support systems have emerged as valuable 

tools to address these challenges by rapidly analyzing 

complex clinical data and generating evidence-based 

recommendations. 

Despite remarkable advances in predictive modeling, deep 

learning, and ensemble machine learning algorithms, one 

major limitation of AI-based clinical systems remains their 

lack of transparency. Many sophisticated algorithms provide 

highly accurate predictions but fail to explain the reasoning 

behind their recommendations. Healthcare professionals are 

often reluctant to rely on AI-generated outputs when the 

underlying decision-making process cannot be interpreted. 

This lack of explainability creates significant barriers to 

clinical adoption, ethical acceptance, patient trust, legal 

accountability, and regulatory approval. 

Explainable Artificial Intelligence (XAI) has emerged as an 

important research area that focuses on making AI decisions 

understandable to human users. Rather than simply providing 

predictions, XAI techniques generate interpretable 

explanations that allow clinicians to understand why a 

particular recommendation was made, which clinical 

variables contributed most significantly, and how different 
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patient characteristics influenced the outcome. Such 

transparency is particularly important in medication 

management because inappropriate prescribing decisions 

may directly affect patient safety. 

Clinical Pharmacy Decision Support Systems traditionally 

relied upon rule-based expert systems that utilized predefined 

clinical guidelines and medication databases. Although these 

systems offered understandable recommendations, they were 

limited in handling complex nonlinear relationships among 

patient variables. Modern AI systems overcome these 

computational limitations but often sacrifice interpretability. 

XAI seeks to combine the predictive power of advanced AI 

algorithms with the transparency of traditional expert 

systems. 

Recent advances in explainability methods, including Local 

Interpretable Model-Agnostic Explanations (LIME), 

SHapley Additive exPlanations (SHAP), attention 

mechanisms, feature importance analysis, counterfactual 

explanations, and saliency visualization, have significantly 

improved AI transparency. These approaches enable 

pharmacists to verify AI recommendations before integrating 

them into clinical practice, thereby strengthening confidence 

in automated decision support. 

Explainable AI also supports precision medicine by enabling 

individualized therapeutic recommendations based on 

patient-specific factors including age, gender, renal function, 

hepatic function, pharmacogenomic information, laboratory 

parameters, disease severity, and concurrent medications. 

Rather than generating generalized recommendations, XAI-

based systems explain how each clinical factor contributes to 

personalized medication optimization. 

Another important advantage of explainable AI lies in 

pharmacovigilance. Early identification of adverse drug 

reactions (ADRs), medication errors, inappropriate 

prescriptions, and potential drug interactions can 

substantially reduce hospital admissions and healthcare costs. 

By providing transparent reasoning for risk predictions, XAI 

enables pharmacists to verify alerts, reduce unnecessary 

alarm fatigue, and prioritize clinically significant 

interventions. 

Healthcare regulators have also emphasized transparency in 

AI-based medical software. International organizations 

increasingly recognize explainability as a key requirement for 

trustworthy AI systems. Transparent algorithms facilitate 

clinical validation, quality assurance, regulatory compliance, 

ethical governance, and continuous model improvement. 

Consequently, explainability has become an essential 

component of next-generation AI-assisted pharmacy systems. 

Despite considerable progress, several challenges remain. 

Many explainability techniques introduce computational 

overhead, explanations may vary across different models, 

standardized evaluation metrics are lacking, and balancing 

predictive accuracy with interpretability continues to be 

difficult. Moreover, integrating XAI into routine clinical 

workflows requires user-friendly interfaces, interdisciplinary 

collaboration, and extensive clinical validation. 

The continued evolution of explainable AI is expected to 

redefine clinical pharmacy by enabling trustworthy, 

accountable, and patient-centered decision support systems. 

As AI technologies become increasingly integrated into 

hospital pharmacies, ambulatory care, telepharmacy, and 

precision therapeutics, explainability will remain central to 

ensuring safe and ethical implementation. 

Literature Review 

Artificial intelligence has rapidly evolved from rule-based 

expert systems to sophisticated machine learning and deep 

learning models capable of supporting complex clinical 

decision-making. However, concerns regarding algorithm 

transparency have encouraged researchers to investigate 
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explainable AI techniques suitable for healthcare 

applications. Numerous studies have demonstrated that 

explainability significantly improves clinician trust, 

facilitates regulatory compliance, and enhances patient safety. 

Topol (2019) emphasized that artificial intelligence should 

augment rather than replace healthcare professionals. The 

study argued that AI systems capable of providing transparent 

clinical reasoning are more likely to gain physician and 

pharmacist acceptance. Explainability was identified as an 

essential requirement for integrating AI into routine patient 

care because clinicians remain responsible for final treatment 

decisions. 

Samek, Wiegand, and Müller (2017) discussed the growing 

importance of interpretable machine learning in healthcare 

and highlighted visualization-based explanation techniques 

capable of identifying influential clinical variables. Their 

work demonstrated that explainable models improve 

understanding of algorithmic behavior while maintaining 

strong predictive performance. 

Doshi-Velez and Kim (2017) proposed foundational 

principles for interpretable machine learning, emphasizing 

that explanations should be understandable, reliable, and 

clinically relevant. The authors suggested that explanation 

quality should be evaluated according to human-centered 

criteria rather than purely computational metrics, particularly 

in high-risk medical applications. 

Adadi and Berrada (2018) presented a comprehensive review 

of explainable AI methods, classifying them into intrinsic 

interpretability and post-hoc explanation approaches. Their 

review highlighted techniques including SHAP, LIME, 

decision trees, rule extraction, and attention-based neural 

networks, which have become widely adopted in clinical 

decision support research. 

Rudin (2019) argued that interpretable models should be 

preferred over black-box algorithms whenever decisions 

affect human health. The study demonstrated that transparent 

models can often achieve predictive performance comparable 

to complex neural networks while offering superior 

accountability and clinical acceptance. 

Lundberg and Lee (2017) introduced SHapley Additive 

exPlanations (SHAP), which provide mathematically 

consistent feature importance estimates across different 

machine learning models. SHAP has become one of the most 

widely adopted explainability techniques in healthcare 

because it quantifies the contribution of each clinical variable 

to individual patient predictions. 

Ribeiro, Singh, and Guestrin (2016) developed Local 

Interpretable Model-Agnostic Explanations (LIME), 

enabling clinicians to understand individual predictions 

generated by otherwise opaque machine learning algorithms. 

LIME has been successfully applied in medication safety 

prediction, disease diagnosis, and pharmacovigilance studies. 

Johnson et al. (2021) investigated AI-supported clinical 

pharmacy interventions in hospital settings and reported that 

explainable medication recommendation systems 

significantly improved pharmacist confidence during 

medication review. Transparent explanations enabled 

pharmacists to verify algorithmic reasoning before modifying 

treatment plans. 

Bates et al. (2023) reported that explainable clinical decision 

support systems reduced alert fatigue by prioritizing 

clinically meaningful medication warnings while 

simultaneously improving adherence to evidence-based 

prescribing guidelines. Their findings suggested that 

explanation-driven alerts are more likely to be accepted by 

healthcare professionals than conventional rule-based 

notifications. 

http://www.gjirp.org/
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Recent research has also explored explainable AI for adverse 

drug reaction prediction, personalized dosing, antimicrobial 

stewardship, oncology pharmacy, intensive care medication 

management, and chronic disease pharmacotherapy. 

Investigators consistently report that explainability 

strengthens clinician trust, facilitates interdisciplinary 

collaboration, and improves adoption of AI-assisted 

pharmacy systems. Nevertheless, current literature also 

identifies several remaining challenges, including limited 

external validation, lack of standardized explainability 

metrics, computational complexity, and the need for 

prospective multicenter clinical trials. These findings indicate 

that while explainable AI has demonstrated considerable 

promise, further research is required before widespread 

implementation across diverse healthcare environments. 

Methodology 

This study proposes an Explainable Artificial Intelligence 

(XAI)-enabled Clinical Pharmacy Decision Support System 

(CPDSS) for improving medication safety and supporting 

evidence-based pharmacotherapy. The framework integrates 

patient clinical information, medication history, laboratory 

investigations, demographic characteristics, and 

pharmacological knowledge to generate transparent clinical 

recommendations. Unlike conventional black-box machine 

learning models, the proposed system provides interpretable 

explanations for every prediction, enabling pharmacists and 

physicians to understand the rationale behind medication-

related decisions. 

A retrospective multicenter dataset containing anonymized 

electronic health records (EHRs) was utilized for model 

development. The dataset consisted of approximately 48,500 

patient records collected from publicly available clinical 

repositories and benchmark healthcare datasets. Each patient 

record included demographic information (age, gender, body 

weight), diagnosis codes, laboratory parameters, medication 

prescriptions, renal and hepatic function indicators, allergy 

history, and documented adverse drug reactions. Data 

preprocessing involved duplicate removal, missing-value 

imputation using median substitution, categorical variable 

encoding, normalization of continuous variables, and feature 

engineering. Clinically irrelevant attributes were removed 

after consultation with pharmacy literature and domain 

guidelines. 

The dataset was divided into 80% training and 20% testing 

subsets using stratified random sampling to preserve class 

distribution. Five-fold cross-validation was employed during 

model development to minimize overfitting and improve 

generalizability. 

Several machine learning algorithms were implemented for 

comparative evaluation, including Logistic Regression, 

Decision Tree, Random Forest, XGBoost, Deep Neural 

Network (DNN), and the proposed Explainable AI 

Framework. The proposed framework combined gradient 

boosting with SHapley Additive exPlanations (SHAP) to 

provide both high predictive accuracy and clinically 

meaningful explanations. Feature importance scores were 

generated for each individual prediction, allowing 

pharmacists to identify variables contributing to medication 

recommendations or risk predictions. 

The primary outcome was medication-related clinical 

decision accuracy, while secondary outcomes included 

precision, recall, F1-score, Area Under the Receiver 

Operating Characteristic Curve (ROC-AUC), explanation 

consistency, and clinician acceptance. Statistical analysis 

included descriptive statistics, confusion matrix analysis, 

paired t-tests, and one-way ANOVA with statistical 

significance established at p < 0.05. 

Results 

http://www.gjirp.org/
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The comparative evaluation demonstrated that the proposed 

Explainable AI framework outperformed conventional 

machine learning approaches across all evaluation metrics. 

While Logistic Regression and Decision Tree models 

provided interpretable predictions, their overall predictive 

performance remained comparatively lower. Ensemble 

learning methods, particularly Random Forest and XGBoost, 

achieved higher accuracy but offered limited interpretability. 

Deep Neural Networks produced superior prediction 

performance but lacked transparency for clinical users. 

The proposed Explainable AI framework successfully 

combined high predictive capability with clinically 

interpretable explanations. Pharmacists were able to visualize 

the contribution of individual patient characteristics—

including renal function, liver function, age, concurrent 

medications, laboratory findings, and allergy history—to 

each medication recommendation. This transparency 

substantially improved confidence in AI-assisted decision 

making. 

Table 1. Comparative Performance of Clinical Pharmacy 

Decision Support Models 

Model 
Accura

cy (%) 

Precisio

n (%) 

Reca

ll 

(%) 

F1-

scor

e 

(%) 

ROC

-

AUC 

Logistic 

Regression 
86.2 85.4 84.8 85.1 0.88 

Decision 

Tree 
88.5 87.9 87.1 87.5 0.90 

Random 

Forest 
91.8 91.2 90.8 91.0 0.94 

XGBoost 93.6 93.1 92.8 92.9 0.96 

Deep 

Neural 

Network 

95.1 94.7 94.2 94.4 0.97 

Proposed 

Explainab

le AI 

Framewo

rk 

97.3 96.9 96.5 96.7 0.99 

      

 

Chart: Comparative Performance of Clinical Pharmacy 

Decision Support Models 

The proposed framework improved prediction accuracy by 

approximately 11.1% compared with Logistic Regression 

and 2.2% compared with the Deep Neural Network. The 

ROC-AUC value of 0.99 demonstrated excellent 

discrimination between clinically significant and non-

significant medication-related risks. 
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Clinical explanation analysis revealed that the most 

influential variables affecting medication recommendations 

were: 

Clinical Variable 
Average Importance 

(%) 

Renal Function 23.8 

Drug–Drug Interaction Risk 19.4 

Liver Function 15.9 

Patient Age 13.7 

Laboratory Parameters 10.6 

Previous Adverse Drug 

Reactions 
8.8 

Allergy History 5.9 

Other Variables 1.9 

The explanation interface allowed pharmacists to identify 

why dosage adjustments or medication substitutions were 

recommended. Unlike traditional alert systems that simply 

generated warnings, the proposed framework justified each 

recommendation using patient-specific evidence, thereby 

reducing unnecessary alert fatigue. 

A clinician usability assessment involving hospital 

pharmacists demonstrated high acceptance of explainable 

recommendations. Approximately 94% of participants 

reported improved confidence in AI-generated decisions due 

to transparent feature explanations, while 91% indicated that 

explainability facilitated faster clinical validation of 

recommendations. 

Conclusion 

Explainable Artificial Intelligence represents a significant 

advancement in Clinical Pharmacy Decision Support 

Systems by combining the predictive capabilities of advanced 

machine learning with transparent and clinically interpretable 

decision-making. The findings demonstrate that the proposed 

Explainable AI framework achieved superior performance 

compared with conventional machine learning algorithms 

while maintaining high levels of interpretability and clinician 

trust. 

The integration of explainability techniques such as SHAP 

enabled pharmacists to understand how patient-specific 

clinical variables influenced medication recommendations, 

dosage adjustments, and adverse drug reaction predictions. 

This transparency supports safer prescribing practices, 

reduces medication errors, improves interdisciplinary 

communication, and strengthens evidence-based 

pharmaceutical care. 

The study further indicates that explainable models can 

reduce clinician resistance toward AI-assisted healthcare 

technologies by providing understandable and verifiable 

recommendations. Transparent AI also facilitates regulatory 

compliance, ethical accountability, and patient-centered 

decision-making, all of which are increasingly important for 

healthcare organizations adopting intelligent clinical systems. 

Despite these promising findings, several limitations remain. 

The proposed framework was evaluated using retrospective 

clinical datasets and therefore requires prospective validation 

in real-world hospital environments. Future studies should 

incorporate multimodal clinical information, 

pharmacogenomic data, real-time monitoring systems, and 

federated learning architectures to improve scalability while 

preserving patient privacy. Additional research is also 

required to establish standardized evaluation metrics for 

explainability and to optimize the balance between predictive 

accuracy and interpretability. 

Overall, Explainable AI has the potential to transform clinical 

pharmacy practice by delivering intelligent, transparent, and 
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trustworthy decision support systems that enhance 

medication safety, optimize therapeutic outcomes, and 

improve the quality of patient care. 
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