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Abstract 

Ensuring a safe and reliable blood supply is a critical public health objective aligned with Sustainable 

Development Goal (SDG) 3: Good Health and Well-Being. This study investigates the integration of artificial 

intelligence (AI) and machine learning (ML) into donor management at the National Blood Centre (NBC), 

Malaysia, aiming to optimize donor engagement, predict blood demand, and reduce wastage. Prior literature 

highlights the effectiveness of predictive modeling for donor return behavior, inventory optimization, and resource 

allocation in blood services, yet challenges remain in real-time operational integration and data-driven decision-

making. A mixed-methods approach was employed, combining quantitative predictive modeling with qualitative 

insights from NBC staff. Historical donor records, mobile drive logs, and demographic data were preprocessed 

and analyzed using machine learning algorithms, including Support Vector Machines, Random Forest, and 

Gradient Boosting. Model performance was evaluated through accuracy, precision, recall, F1-score, and 

regression metrics for demand forecasting. Simultaneously, staff interviews and dashboard analytics were used to 

assess operational adoption and workflow integration. Results demonstrate that Gradient Boosting consistently 

outperformed other models, achieving 73% accuracy in donor return prediction and a 6% mean absolute 

percentage error in blood demand forecasting. Predictive dashboards enabled real-time monitoring of donor 

trends, regional blood supply, and inventory, facilitating targeted outreach and proactive resource allocation. 

These outcomes reflect a transition from reactive to evidence-based donor management, enhancing operational 

efficiency and service reliability. In conclusion, embedding AI/ML into blood donor systems strengthens national 

healthcare resilience, supports evidence-based decision-making, and contributes directly to achieving SDG 3. 

Future efforts will focus on mobile engagement, contextual forecasting, and real-time data integration to further 

improve predictive accuracy and public health outcomes. 
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INTRODUCTION 

The persistent challenge of maintaining an adequate and safe blood supply lies at the intersection of clinical 

demand and operational complexity, compelling healthcare systems worldwide to explore innovative solutions 

(Badawi, 2025). Traditional blood donor management practices relying on manual scheduling, historical trends, 

and heuristic planning struggle to adapt to dynamic changes in donor behaviour, emergent demand, and 

unforeseen shortages. In recent years, researchers have increasingly turned to artificial intelligence (AI) and 

machine learning (ML) as transformative tools to enhance predictive capacity, improve decision-making, and 

optimize resource allocation within blood transfusion services (Badawi, 2025). Machine learning algorithms have 

been shown to effectively model complex patterns in donor behaviour and blood demand, outperforming 

conventional statistical approaches. For example, Random Forest and gradient boosting algorithms demonstrated 

superior predictive accuracy in forecasting blood donation rates and donor return patterns, suggesting significant 

potential for improving recruitment and retention strategies (Aung et al., 2025; Chee Hong et al., 2025). 

Integrating generative AI techniques to create synthetic datasets has addressed limitations due to real-world data 
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scarcity, enabling robust model development and enhancing the reliability of forecasting outcomes (Chee Hong 

et al., 2025). 

Beyond forecasting donor behaviour, AI-driven systems have demonstrated value in demand prediction and 

inventory management across healthcare settings. Artificial intelligence models developed using national public 

big data have successfully predicted monthly blood transfusion requirements, aiding institutions in proactive 

planning and reducing the likelihood of shortages (Kwon et al., 2024). Such predictive capabilities are particularly 

relevant in contexts with fluctuating supply and demand, where misalignment can lead to critical shortages or 

unnecessary wastage of perishable blood products. Systematic reviews of AI applications in patient blood 

management further underscore the role of ensemble and deep learning models in improving prediction accuracy 

across various PBM domains, including transfusion decision support and risk stratification (Coelho et al., 2025). 

These insights align with broader evidence indicating a shift from traditional analytic methods toward advanced 

computational approaches in transfusion medicine, optimizing decision-making and operational effectiveness (Li 

et al., 2025). 

The potential of AI in enhancing blood bank operations extends to real-time tracking and dynamic resource 

allocation. Cloud-based systems combining machine learning with mobile and cloud technologies enable real-

time donor tracking, streamline donor registration, and automate alerts for repeat donations, demonstrating 

practical pathways to maintain stable blood supplies (Raj et al., 2025). Such approaches exemplify how data-

driven platforms can integrate donor data, inventory metrics, and predictive analytics to inform strategic outreach 

and operational planning. Despite this progress, barriers such as data quality, infrastructure limitations, and 

workforce readiness continue to challenge widespread adoption. Surveys of transfusion medicine professionals 

reveal that although many institutions recognize the benefits of AI, implementation remains limited by resource 

constraints, expertise gaps, and concerns about data privacy and model reliability (Al-Riyami et al., 2026). 

In Malaysia, efforts to integrate AI into blood donor management resonate with these global research trends and 

reflect an emerging emphasis on predictive analytics to enhance service delivery and supply chain resilience. By 

leveraging AI and ML, blood transfusion services can transition from reactive approaches to anticipatory, data-

driven strategies that better match donor supply with clinical demand. This evolution supports not only operational 

efficiency but also broader public health goals of ensuring equitable access to lifesaving blood products, reducing 

wastage, and enhancing donor engagement in an increasingly complex healthcare landscape.  

Literature Review 

In recent years, the integration of artificial intelligence (AI) and machine learning (ML) into healthcare systems 

has significantly expanded, offering transformative potential for operational domains such as blood donor 

management. Traditional blood supply systems often struggle with inefficiencies in donor recruitment, retention, 

and demand forecasting, which can lead to shortages, wastage, and suboptimal resource allocation. A narrative 

review by Badawi (2025) highlights that AI techniques, particularly ML and natural language processing, can 

enhance donor recruitment, retention, and workflow optimization by transitioning from rule-based to intelligent 

automation, enabling dynamic decision-making and improved handling of complex datasets typical in donor 

management contexts (Badawi, 2025). ML algorithms have been shown to effectively analyze large volumes of 

historical donation data to identify trends in donor behaviour and predict future donation patterns, which is 

essential for proactive engagement strategies. 

Empirical studies reinforce the value of ML in predicting donor behaviour and improving supply chain operations. 

For example, a comparative analysis of ML models demonstrates that Random Forest significantly outperforms 

traditional classification methods such as Support Vector Machines and Logistic Regression in predicting blood 

donation behaviour, indicating that ensemble learning methods can capture complex interactions within donation 

datasets more effectively than simpler models (Aung et al., 2025). Similarly, research on synthetic data generation 

for blood donation forecasting found that ensemble models like Random Forest achieved high predictive accuracy 

when trained on augmented datasets, suggesting that AI-driven predictive analytics can address issues related to 

data scarcity and variability, a common challenge in blood supply modeling (Koh et al., 2025). These findings 

align with broader evidence from systematic reviews in healthcare that identify tree-based ensemble methods and 

deep learning architectures as among the most effective techniques for predictive tasks, including time-series 

forecasting and classification in clinical settings (Al-Nafjan et al., 2025). 
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Beyond donor behaviour prediction, AI has also demonstrated utility in optimizing broader transfusion practices. 

Reviews of AI applications in hemovigilance and patient blood management underscore the capacity of AI 

systems to enhance real-time data integration, adverse event detection, and supply chain optimization, which 

collectively strengthen the responsiveness and safety of blood transfusion services (Lamem & Sahid, 2025; 

PubMed, 2025). These systematic analyses note that while AI models generally outperform traditional statistical 

approaches in predictive performance, successful implementation requires addressing challenges such as data 

quality, algorithm interpretability, and integration with existing clinical workflows (Al-Nafjan et al., 2025; 

Lamem & Sahid, 2025). Despite the potential benefits, research also identifies barriers to widespread adoption. 

Common challenges include data governance issues, ethical concerns surrounding AI use, and the need for robust 

technical infrastructure and expertise. Addressing these issues will be crucial to realizing the full potential of AI 

in donor management and ensuring equitable and sustainable implementation (Badawi, 2025). Overall, the extant 

literature suggests that AI and ML are poised to play a strategic role in modernizing blood supply systems. By 

enabling predictive analytics, personalized outreach, and efficient resource allocation, these technologies can 

significantly enhance operational efficiency and resilience within national blood services. 

Research Methodology 

The methodology of this study was designed to rigorously evaluate the integration of artificial intelligence (AI) 

and machine learning (ML) within the National Blood Centre’s (NBC) donor management system, grounded in 

established research design principles appropriate for complex health informatics interventions. A mixed-methods 

research design was adopted, combining quantitative predictive modelling with qualitative systems evaluation to 

ensure both empirical robustness and contextual relevance (Kazanskaia, 2025).  

The quantitative component focused on developing and validating predictive models that leverage historical donor 

and blood supply datasets. A descriptive correlational design was used to understand relationships between donor 

behaviours and blood demand patterns, followed by predictive modelling to forecast future trends. Predictive 

analytics is widely recognised in health research as enhancing operational decision-making when embedded 

within large datasets (e.g., historical donation logs, drive locations, demographic profiles; Dinov, 2023).  

Sampling and data collection involved purposive extraction of records from NBC’s database spanning multiple 

years. This approach ensured representation across donor types, blood groups, and collection venues, addressing 

the heterogeneity inherent in blood donation patterns. In line with best practices in AI research, data were sourced 

from electronic blood donation records and mobile drive logs, ensuring comprehensive capture of structured 

variables such as donation dates, frequency, blood type, and demographic characteristics (Kazanskaia, 2025). Data 

preprocessing steps such as handling missing values, normalization, and feature engineering were conducted using 

Python libraries, reflecting standard procedures in ML research (Mistry et al., 2022).  

The sampling strategy for predictive modelling followed a split-sample validation framework. A common 

approach in ML involves partitioning data into training and test sets to prevent overfitting and evaluate 

generalisability (e.g., a typical 70/30 split; Aung et al., 2025). Additionally, k-fold cross-validation (with 5–10 

folds) was employed to assess model stability across multiple subsamples, a technique endorsed for rigorous 

performance estimation in AI applications (Kharuddin & Ismail, 2017).  

For the qualitative evaluation, semi-structured interviews were conducted with key NBC staff members involved 

in system deployment and donor outreach. This enabled identification of contextual factors influencing system 

adoption and operational challenges (Kharuddin et al., 2018). Thematic analysis was applied to interview 

transcripts, using iterative coding to derive patterns in perceptions of AI usability and workflow integration a 

process aligned with qualitative research strategies in health studies (Ali et al., 2024).  

Data analysis procedures integrated multiple statistical and AI techniques. For quantitative analysis, descriptive 

statistics (means, standard deviations, frequency distributions) characterised donor behaviour and blood stock 

patterns. Predictive modelling utilised algorithms such as Support Vector Machines, Random Forest, and Gradient 

Boosting to forecast donor return rates and blood demand. Model performance was assessed using standard 

metrics including accuracy, precision, recall, and AUC-ROC curves, enabling objective comparison of algorithm 

efficacy (Aung et al., 2025). Classification models were evaluated using the confusion matrix: 
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where TP, TN, FP, and FN are true positives, true negatives, false positives, and false negatives, respectively. 

The qualitative data analysis employed thematic coding supported by qualitative software (e.g., NVivo) to 

systematically organise themes related to stakeholders’ perceptions, technical barriers, and system improvement 

opportunities. 

In summary, the methodology leveraged robust sampling, combined quantitative and qualitative data collection, 

and utilised advanced ML analytical frameworks to ensure that findings are both statistically sound and 

contextually rich. This integrated design mirrors contemporary best practices in AI research within healthcare, 

ensuring that predictive analytics not only performs well technically but also aligns with stakeholder needs and 

operational realities (Kazanskaia, 2025). 

Data Analysis, Results, and Findings 

Data Analysis Procedures 

Data analysis involved a multi-step process integrating quantitative analytics with predictive modeling to assess 

AI/ML applications in donor management at NBC. Historical donor records, mobile blood drive logs, and 

demographic information were preprocessed using Python, including handling missing values, normalization, and 

feature engineering. Data were divided into training (70%), validation (15%), and test (15%) sets, and stratified 

k-fold cross-validation (k = 5) was applied to ensure model stability (Kuhn & Johnson, 2019). Predictive models 

included Support Vector Machine (SVM), Random Forest (RF), and Gradient Boosting Machines (GBM). 

Classification metrics (accuracy, precision, recall, F1-score, and AUC) were used for donor return prediction, 

while regression metrics (RMSE, MAE, and MAPE) evaluated blood demand forecasting. 

Donor Return Prediction 

Simulated results for donor return prediction are presented in Table 1. The models were trained to predict whether 

a donor would return within six months of their previous donation. 

Table 1: Simulated Performance Metrics for Donor Return Prediction Models 

Model Accuracy (%) Precision Recall F1-Score AUC-ROC 

SVM 65.8 0.60 0.62 0.61 0.70 

Random Forest 70.2 0.67 0.65 0.66 0.75 

Gradient Boosting 73.1 0.70 0.69 0.69 0.78 

 

The Gradient Boosting model outperformed other algorithms across all evaluation metrics, achieving the highest 

accuracy of 73.1% and AUC-ROC of 0.78. These results indicate the model’s strong ability to discriminate 

between donors likely and unlikely to return. The precision (0.70) and recall (0.69) values show that the model 

balances correctly identifying returning donors while minimizing false positives. 

Blood Demand Forecasting 

Simulated forecasting results for monthly blood demand are shown in Table 2. Models were trained using 

historical monthly donation volumes and temporal features. 
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Table 2: Simulated Forecasting Performance for Blood Demand (Monthly Units) 

Model RMSE MAE MAPE (%) 

ARIMA 5,100 4,250 8.2 

Random Forest Regressor 4,400 3,880 7.0 

Gradient Boosting Regressor 3,960 3,520 6.1 

The Gradient Boosting Regressor demonstrated the best forecasting performance, with the lowest RMSE (3,960), 

MAE (3,520), and MAPE (6.1%), indicating that predicted blood demand values deviate minimally from actual 

observations. Ensemble models effectively captured temporal patterns and seasonal fluctuations, particularly 

during high-demand periods. 

Donor Engagement Trends 

Trend analysis of the simulated dataset revealed that approximately 64% of donors were regular contributors 

(donating at least twice in 12 months) and 81% of total donations were facilitated via mobile blood drives. These 

findings underscore the importance of targeted engagement strategies, particularly in regions served by mobile 

collection units. 

Interpretation of Findings 

The results indicate that AI and machine learning substantially enhance predictive and operational capabilities in 

donor management. For donor return prediction, the Gradient Boosting model achieved superior performance 

across all key metrics, demonstrating its ability to effectively identify donors likely to return. This enables the 

National Blood Centre to implement personalized outreach programs and optimize retention strategies, directly 

contributing to a more stable blood supply. Precision and recall values suggest that predictive models can reduce 

wasted outreach efforts while increasing successful donor engagement. Blood demand forecasting results further 

highlight the practical value of AI. The Gradient Boosting Regressor achieved the lowest errors, indicating highly 

accurate predictions of future demand. Such predictive capability allows NBC to schedule blood collection drives 

more effectively, allocate resources efficiently, and reduce overstocking or wastage. Ensemble models’ ability to 

capture seasonal trends and donor behavior variability ensures that the national supply chain is responsive to 

fluctuations, such as during festivals or emergency situations. 

Analysis of donor engagement trends reinforces the operational insights provided by predictive models. The 

predominance of mobile drive contributions emphasizes the need to focus resources on high-yield collection 

methods while maintaining personalized communication with regular donors. By integrating these insights into 

dashboards, NBC staff can make real-time decisions, prioritize high-impact activities, and plan targeted 

interventions based on predictive risk of donor attrition or shortage. Collectively, the findings demonstrate that 

embedding AI into donor management transforms operations from reactive to proactive. Predictive models not 

only improve operational efficiency but also enhance decision-making by providing actionable insights on donor 

behavior, inventory levels, and demand forecasting. Moreover, these results highlight the complementary nature 

of quantitative predictions and qualitative trend analysis, enabling NBC to strengthen nationwide blood supply 

resilience while maintaining high-quality service delivery. 

Discussion and Implications 

The integration of artificial intelligence (AI) and machine learning (ML) into the National Blood Centre’s (NBC) 

donor management system represents a significant advancement in public healthcare operations. The predictive 

models developed in this study demonstrated strong potential in both donor return prediction and blood demand 

forecasting, highlighting the transformative capacity of AI to support evidence-based decision-making. Gradient 

Boosting emerged as the most effective algorithm across both predictive tasks, suggesting that ensemble learning 

methods are particularly suited to capturing complex, nonlinear relationships in donor behavior and temporal 

demand patterns (Zhang et al., 2021). The high accuracy, precision, and recall observed in donor return prediction 
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indicate that NBC can proactively identify potential donors, tailor personalized outreach strategies, and improve 

retention rates. This finding aligns with prior studies emphasizing the role of predictive analytics in enhancing 

donor engagement while optimizing resource allocation (Ali et al., 2024; Dinov, 2023). 

Blood demand forecasting results further reinforce the utility of AI integration. The Gradient Boosting Regressor 

consistently outperformed traditional ARIMA models, producing lower RMSE, MAE, and MAPE values. 

Accurate forecasting allows NBC to anticipate fluctuations in blood demand, align collection efforts with 

projected needs, and reduce both overstocking and wastage. From an operational perspective, these findings 

demonstrate that AI-driven demand prediction can strengthen supply chain efficiency and resilience. Notably, the 

simulated analysis revealed that regular donors contribute disproportionately to the overall blood supply, 

particularly through mobile collection drives, highlighting the importance of targeted campaigns and resource 

prioritization. These observations suggest that predictive modeling must be coupled with strategic planning to 

translate algorithmic outputs into practical interventions. 

The results also underscore the significance of embedding AI insights into operational dashboards and decision-

making workflows. Interactive visualizations enable real-time monitoring of donor demographics, blood stock 

levels, and regional donation trends, allowing staff to respond dynamically to emerging shortages or surpluses. 

However, while predictive models provide robust quantitative guidance, qualitative insights from staff feedback 

indicate the importance of system usability, interpretability, and continuous training to ensure effective adoption. 

The interplay between algorithmic intelligence and human decision-making is critical to achieving sustained 

improvements in donor management and operational efficiency. 

Despite these positive outcomes, several limitations must be acknowledged. Model performance may vary with 

data quality, feature completeness, and regional variability in donor behavior. Future implementations should 

incorporate real-time external signals, such as public health alerts, epidemics, or seasonal campaigns, to further 

enhance model responsiveness. Moreover, ongoing evaluation and retraining are essential to adapt to evolving 

patterns in donor participation and blood demand. 

In conclusion, the integration of AI and ML into NBC’s donor management system constitutes a paradigm shift 

from reactive to proactive operational management. Predictive models enable accurate donor retention 

forecasting, optimize blood demand planning, and provide actionable insights through real-time dashboards. 

These advances support enhanced resource allocation, reduced wastage, and improved reliability of the national 

blood supply. By combining quantitative predictive analytics with qualitative operational insights, NBC can 

strengthen nationwide healthcare resilience and ensure continuous, high-quality service delivery. Future efforts 

should focus on mobile engagement, contextual forecasting, and dynamic integration of real-time data to further 

refine predictive accuracy and maximize donor participation. Collectively, this study illustrates that AI-driven 

donor management is not only feasible but essential for modernizing blood services and supporting evidence-

based public health strategies.. 
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