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Abstract 

 

Supply chain uncertainty has increased the complexity of inventory decision-making due to demand fluctuations, supplier disruptions, and 

rapidly changing operational conditions. Although artificial intelligence (AI) has demonstrated strong potential in improving supply chain 

analytics, existing approaches often investigate prediction, explainability, optimization, and human involvement as separate components. 

This study proposes a Human-Centered Artificial Intelligence (HCAI) framework for adaptive inventory decision support under supply 

chain uncertainty by integrating AI-based demand prediction, Explainable Artificial Intelligence (XAI), adaptive inventory optimization, 

and human decision support within a unified framework. The Design Science Research Methodology (DSRM) was adopted to develop and 

evaluate the proposed framework using empirical inventory data collected from food distributors and rice warehouses in Pidie Regency 

and Bireuen Regency, Aceh, Indonesia. Forecasting models, including ARIMA, Exponential Smoothing, Random Forest, LSTM, and 

XGBoost, were evaluated using RMSE, MAE, and MAPE, with the best-performing model subsequently integrated with SHAP-based 

explanations and a Mixed-Integer Programming (MIP) optimization model. The evaluation results showed that XGBoost achieved the 

highest forecasting performance with a MAPE of 7.40%. The proposed framework reduced total inventory cost by 22.7%, improved service 

level from 88.5% to 96.8%, and decreased stockout rate from 11.5% to 3.2% compared with the conventional inventory policy. Furthermore, 

user evaluation involving 20 inventory practitioners indicated positive acceptance of the Human Decision Support Layer, with high scores 

for perceived usefulness, trust, and decision confidence. These findings demonstrate that integrating predictive intelligence, explainable 

AI, adaptive optimization, and human oversight enable transparent and adaptive inventory decision support under uncertain supply chain 

conditions. This study contributes to advancing Human-Centered AI applications in supply chain management by providing an integrated 

framework that bridges AI capability with human operational expertise. 

 

Keywords: Human-Centered Artificial Intelligence, Supply Chain Uncertainty, Inventory Decision Support, Explainable Artificial 

Intelligence, Demand Forecasting. 

1. Introduction 

Contemporary supply chains operate in increasingly uncertain environments characterized by demand volatility, supplier disruptions, 

geopolitical conflicts, climate-related events, and rapidly changing market conditions. These disruptions have fundamentally altered the 

way organizations plan and coordinate operational activities, requiring greater flexibility, resilience, and responsiveness throughout supply 

chain networks [1][2]. As uncertainty propagates across procurement, production, logistics, and inventory operations, organizations are 

challenged to balance product availability, operational efficiency, and customer service while minimizing disruption risks [3][4][5]. 

Consequently, effective decision-making has become a strategic capability that enables organizations to respond rapidly to changing 

business conditions rather than relying solely on predefined operational policies. 

The growing complexity of supply chain operations has transformed inventory management from a routine operational activity into a 

strategic decision-support function. Inventory-related decisions require managers to simultaneously evaluate demand uncertainty, lead-

time variability, supplier reliability, warehouse capacity, replenishment policies, inventory costs, and customer service objectives, all of 

which are highly interdependent [6][7]. Recent advances in enterprise information systems, Internet of Things (IoT), cloud computing, and 

big data analytics have significantly expanded organizations' ability to acquire and process operational data for supporting inventory 

planning and managerial decision-making [8][9]. These technological developments have also accelerated the adoption of data-driven 

decision support systems capable of improving inventory visibility, operational responsiveness, and decision quality under increasingly 

dynamic supply chain environments [10][11]. 
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Despite these technological advances, many existing inventory decision-support approaches remain dependent on optimization models and 

rule-based analytical methods developed under relatively stable operating assumptions. Classical approaches such as Economic Order 

Quantity (EOQ), Reorder Point (ROP), safety stock models, and statistical forecasting techniques continue to provide important analytical 

foundations for inventory planning [12][13]. However, these methods often struggle to capture nonlinear demand behaviour, dynamic 

operational interactions, and rapidly changing business environments that characterize modern supply chains [14][15]. Recent review 

studies therefore emphasize the need for intelligent computational approaches capable of continuously learning from evolving operational 

data, adapting recommendations to environmental changes, and supporting more flexible managerial decision-making [16][17]. This 

evolution provides the foundation for integrating artificial intelligence into adaptive inventory decision support under supply chain 

uncertainty. 

A central technology behind improvements in decision-making within complex and uncertain environments is artificial intelligence (AI). 

By processing large volumes of data, identifying intricate patterns, and generating adaptive insights, AI has enabled organizations to make 

more informed operational decisions. What sets AI apart from conventional analytical approaches—which rely on fixed, predefined 

assumptions—is its capacity to continuously learn from incoming data and refine its performance, allowing decision-support mechanisms 

to remain responsive as conditions change [18]. As AI has become further embedded in organizational workflows, the capabilities of 

decision-support systems have grown accordingly, now incorporating predictive analytics, automated reasoning, and data-driven 

recommendations across a wide range of applications [19]. This positions AI as a core technological enabler for building adaptive decision-

support frameworks equipped to handle uncertainty and complexity. 

Among the various AI methodologies available, machine learning stands out for its capacity to uncover meaningful relationships within 

complex datasets without depending on explicitly defined analytical rules. Sophisticated algorithms—such as ensemble learning and 

gradient boosting—have shown strong performance across prediction, classification, and optimization tasks by effectively capturing 

nonlinear interactions among multiple variables [20]. These techniques have led to notable gains in forecasting precision and analytical 

capability for decision-making in industrial settings. That said, increasing model complexity often comes at the cost of interpretability, 

making it harder for human users to understand how such systems arrive at their decisions—a challenge that raises concerns around 

transparency and real-world adoption [21]. 

As reliance on complex machine learning models has grown, so too has interest in Explainable Artificial Intelligence (XAI) as a way to 

address concerns around model transparency and interpretability. A common issue with many high-performing AI algorithms is that they 

function as black boxes—the connection between inputs and the outputs they generate is often not readily understandable without additional 

interpretive tools [22]. XAI methods work to bridge this gap by offering meaningful insight into model behavior, helping users assess how 

reliable predictions are, spot potential biases, and better understand what factors drive AI-generated recommendations [23]. As a result, 

explainability has come to be regarded as a core requirement for intelligent decision-support systems, especially in domains where decisions 

carry substantial operational stakes and require human validation. 

Technical transparency alone, however, is not sufficient—implementing AI-based decision-support systems successfully also depends on 

accounting for human factors such as trust, understanding, and collaboration between users and intelligent systems. A human-centered 

approach to AI holds that such systems should enhance human capability by pairing computational intelligence with human expertise, 

rather than substituting for human judgment altogether [24]. In this light, explanations generated by AI models play a critical role in 

supporting effective human-AI interaction, giving decision-makers the ability to judge whether recommendations align with contextual 

knowledge and practical constraints [25]. It follows that adaptive decision-support frameworks for inventory management under conditions 

of supply chain uncertainty need to bring together predictive intelligence, explainable mechanisms, and meaningful human involvement—

ensuring that AI-generated recommendations are not just accurate, but also interpretable and actionable. 

Even though the body of research on AI applications within supply chain and inventory management has grown substantially, most existing 

work still falls short in addressing the multidimensional needs of practical inventory decision support. Prior studies have tended to 

concentrate on enhancing specific analytical capabilities, particularly predictive accuracy and optimization outcomes—while giving 

comparatively little attention to bringing predictive intelligence, explainability, adaptive optimization, and human decision-making together 

within one unified framework [26][27]. In addition, many AI-driven inventory systems remain focused primarily on algorithmic 

performance from a purely computational standpoint, such as forecasting precision and optimization efficiency, without adequately 

accounting for how human decision-makers interpret, validate, and apply the recommendations these systems generate [28]. Taken 

together, these gaps suggest that strong AI models on their own are not enough to enable inventory decision-making that is transparent, 

adaptive, and practically usable amid supply chain uncertainty. 

In response to these gaps, this study introduces a Human-Centered Artificial Intelligence Framework for Adaptive Inventory Decision 

Support under Supply Chain Uncertainty. This framework brings together four interconnected components: AI-driven demand prediction, 

Explainable Artificial Intelligence (XAI) for making model outputs interpretable, adaptive inventory optimization for producing actionable 

recommendations, and human-centered decision support that incorporates expert validation into the decision-making workflow. Rather 

than functioning as separate, disconnected modules, these four components are designed to work as an integrated decision-support 

architecture—one in which computational intelligence and human expertise continuously interact throughout the inventory planning 

process. Through this design, the framework aims to make AI-generated recommendations not only more accurate, but also more 

transparent, interpretable, and applicable within uncertain supply chain conditions. 

This framework offers several contributions to inventory decision-support research, spanning theoretical, methodological, and practical 

dimensions. On the theoretical side, the study broadens the application of Human-Centered Artificial Intelligence within supply chain 

management by drawing attention to how algorithmic intelligence and human expertise complement one another. Methodologically, it 

introduces a unified framework that brings together predictive analytics, explainable AI, adaptive optimization, and human-in-the-loop 

decision support within a single cohesive process. In practical terms, the framework equips organizations with an approach that is both 

adaptive and interpretable for navigating inventory planning decisions amid dynamic and uncertain supply chain conditions. By narrowing 

the divide between AI model performance and how well such models translate into real-world adoption, this study helps advance the 

development of AI-enabled inventory management systems that are both more trustworthy and more operationally effective. 
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2. Literature Review 

Supply chain uncertainty caused by demand fluctuations, supplier disruptions, market volatility, and lead time variations has created 

significant challenges for inventory management. These conditions increase the complexity of maintaining optimal inventory levels while 

balancing product availability, operational costs, and service requirements. Traditional inventory policies that rely on predefined 

assumptions regarding demand stability and supply conditions may become less effective in dynamic environments. Therefore, adaptive 

inventory decision-making approaches have gained increasing attention as mechanisms for improving responsiveness and resilience under 

uncertain supply chain conditions [4][5][11]. Recent developments in digital supply chain technologies have further enabled organizations 

to utilize data-driven approaches for improving visibility, analyzing operational conditions, and supporting more informed inventory 

decisions [8][26]. 

Supply chain management has increasingly turned to Artificial Intelligence (AI) and machine learning techniques to strengthen forecasting, 

inventory planning, and operational analytics. Compared to conventional analytical methods, AI-based approaches offer clear advantages 

in uncovering complex relationships, capturing nonlinear patterns, and processing diverse operational variables to generate more accurate 

predictions [10][14]. Machine learning algorithms—including ensemble learning approaches—have proven effective at modeling complex 

data structures and improving predictive performance across a range of operational settings [17]. Even so, most existing AI applications in 

supply chain management have concentrated primarily on forecasting accuracy, leaving the integration of predictive outputs into adaptive 

inventory decision processes comparatively underexplored. Achieving effective inventory management requires more than accurate 

predictions alone; it also calls for mechanisms capable of converting those predictive insights into actionable operational recommendations 

[23]. 

Despite their predictive capabilities, many advanced AI models face limitations related to transparency and interpretability due to their 

black-box characteristics. In operational decision-making environments, users often require understandable explanations regarding the 

factors influencing AI-generated recommendations before adopting algorithmic outputs. Explainable Artificial Intelligence (XAI) has 

emerged as an important approach for improving transparency by enabling users to understand relationships between input variables and 

model predictions [19][20]. Among various XAI techniques, SHAP has been widely applied to quantify feature contributions and explain 

individual prediction outcomes based on cooperative game theory principles [28]. Nevertheless, existing XAI studies have primarily 

focused on improving model interpretation, while the integration of explanation mechanisms into practical inventory decision-support 

workflows remains limited. 

Inventory decision-making also requires optimization mechanisms to determine appropriate replenishment strategies, ordering quantities, 

and inventory levels while considering operational constraints. Optimization-based approaches have been widely applied to support 

inventory planning by balancing multiple objectives, including cost efficiency, resource utilization, and service performance [29]. 

However, conventional optimization models often depend on predefined parameters and assumptions, which may reduce their adaptability 

when demand patterns and supply conditions change rapidly. The integration of predictive analytics with optimization methods provides 

an opportunity to develop more adaptive decision-support systems by combining data-driven forecasting with prescriptive decision-making 

capabilities [23]. 

Beyond predictive and optimization capabilities, successful implementation of AI-based decision-support systems requires consideration 

of human involvement, trust, and collaboration. Human-Centered AI emphasizes the development of intelligent systems that enhance 

human capabilities through transparency, control, and interaction rather than replacing human decision-makers [30]. In complex supply 

chain environments, human expertise remains important because contextual knowledge, organizational priorities, and operational 

experience influence final inventory decisions. The concept of hybrid intelligence further highlights the value of combining computational 

capabilities with human expertise to achieve more effective decision outcomes [25]. Despite advances in AI forecasting, XAI, optimization, 

and human-centered approaches, these research streams have generally developed independently. Limited research has investigated an 

integrated framework that combines predictive intelligence, explainability, optimization mechanisms, and human decision involvement for 

adaptive inventory management under supply chain uncertainty. Therefore, this study proposes a Human-Centered Artificial Intelligence 

Framework for Adaptive Inventory Decision Support under Supply Chain Uncertainty. 

3. Methods 

3.1. Research Design and Framework Development 
This study adopts the Design Science Research Methodology (DSRM) to develop and evaluate a Human-Centered Artificial Intelligence 

Framework for Adaptive Inventory Decision Support under Supply Chain Uncertainty. DSRM was selected because the objective of this 

research is to design, implement, and evaluate a technological artifact that addresses practical decision-making problems through the 

integration of computational methods and human expertise. Design science research emphasizes the development of innovative artifacts 

while simultaneously evaluating their effectiveness in solving identified problems within real-world contexts [31], [32]. 

This research is structured around the DSRM process, comprising several key stages: problem identification, objective definition, 

framework design, demonstration, evaluation, and communication. The proposed framework is built around four main components—AI-

based demand prediction, Explainable Artificial Intelligence (XAI), adaptive inventory optimization, and human decision support. Figure 

1 illustrates the overall architecture of the framework. 

 

 

 

 

 

 

 

 

 

 



 

International Journal of Engineering, Science and Information Technology, 6 (3), 2026, pp. 236-247 239 

 

 

Supply Chain Uncertainty 

 
 

Data Input 

 
 

AI-Based Prediction 

 
 

Explainable AI 

 
 

Adaptive Inventory Optimization 

 
 

Human Decision Support 

 
 

Adaptive Inventory Decision 

 

Fig 1. Human-Centered AI Framework Architecture 

3.2. Development of Human-Centered AI Framework 
The proposed framework is designed as an integrated decision-support system that combines machine intelligence and human expertise to 

support adaptive inventory decisions under supply chain uncertainty. Unlike conventional approaches that primarily emphasize forecasting 

accuracy, the proposed framework integrates four interconnected components: AI-based demand prediction, Explainable Artificial 

Intelligence (XAI), adaptive inventory optimization, and human decision validation. These components are organized into a sequential 

analytical process in which supply chain data are transformed into predictive insights, interpretable information, optimized inventory 

recommendations, and human-validated decisions. 

To estimate future inventory demand, the first component relies on machine learning models that draw on historical demand patterns 

together with supply chain-related variables such as price variation, promotional activities, seasonal factors, holiday indicators, and lead 

time. Three predictive models—XGBoost, Random Forest, and Long Short-Term Memory (LSTM)—are compared to determine which 

approach yields the most suitable forecasting performance. XGBoost was chosen for its strength in modeling structured operational data, 

whereas Random Forest and LSTM serve as comparative benchmarks representing ensemble learning and sequential modeling techniques, 

respectively [33][34]. Once generated, the prediction outputs are further processed through XAI mechanisms to enhance transparency and 

clarify how much each input variable contributes to the resulting forecasts. For this purpose, the study employs SHapley Additive 

exPlanations (SHAP) to quantify feature contributions and offer interpretable insight into the demand prediction results [35]. 

These interpreted predictions then feed into a Mixed Integer Programming (MIP) optimization model, which produces adaptive inventory 

recommendations. This optimization process accounts for inventory-related costs—ordering, holding, and shortage costs—alongside 

operational constraints such as storage capacity, lead time, and service requirements, all while ensuring demand is met. The framework's 

final component brings in human-centered validation through a human-in-the-loop mechanism, in which inventory planners and supply 

chain practitioners assess AI-generated recommendations against operational conditions and contextual factors. This design ensures that 

AI functions as a decision-support capability rather than an autonomous decision-maker, fostering collaboration between computational 

intelligence and human expertise [37]. 

3.3. Data Collection and Experimental Setup 
This study utilizes empirical inventory data collected from food supply chain operations in Pidie Regency and Bireuen Regency, Aceh, 

Indonesia. The dataset was obtained from local food distributors and rice warehouses located in Mutiara District (Pidie Regency) and 

Jeunieb District (Bireuen Regency). These operational environments were selected because they represent realistic inventory conditions 

characterized by demand fluctuations, supply variability, storage constraints, and replenishment challenges. 

Twenty inventory practitioners from participating distributors and warehouses were recruited via purposive sampling to evaluate the 

human-centered component of the proposed framework. Eligible participants needed a minimum of two years of experience in inventory 

planning, warehouse management, or procurement, and had to be directly engaged in inventory-related decision-making. Using a structured 

questionnaire, participants assessed AI-generated forecasts, SHAP explanations, and inventory recommendations across three dimensions: 

perceived usefulness, trust, and decision confidence. 

Time-series inventory observations form the basis of the dataset, capturing demand patterns, market factors, supply characteristics, and 

inventory conditions. Variables examined in this study include historical demand, price variation, promotional activities, seasonal factors, 

holiday indicators, lead time, and inventory levels. These variables are summarized in Table 1. 

 

Table 1. Research Variables 

Category Variables Description 

Demand Historical demand Previous sales pattern 

Market Price, promotion Market factors affecting demand 

Temporal Seasonality, holiday indicator Time-related demand variation 

Supply Lead time Supplier response duration 

Inventory Stock level Current inventory condition 

 

To prevent data leakage and preserve realistic forecasting conditions, the dataset was split chronologically into training (70%), validation 

(15%), and testing (15%) subsets. Given that inventory forecasting involves sequential rather than independently sampled observations, a 

rolling-origin evaluation strategy was adopted, offering a more accurate reflection of forecasting performance under changing operational 

conditions [38]. 
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3.4. Framework Evaluation and Validation 
The proposed framework is evaluated using a multidimensional validation approach that considers predictive performance, inventory 

decision effectiveness, model transparency, and human acceptance. This evaluation strategy aims to determine whether the framework can 

generate inventory recommendations that are accurate, explainable, and practically applicable under uncertain supply chain conditions. 

Therefore, evaluation is conducted not only from a computational perspective but also by considering how AI-generated recommendations 

support operational decision-making. 

To evaluate the predictive component, XGBoost, Random Forest, and LSTM are benchmarked against conventional forecasting approaches, 

namely ARIMA and Exponential Smoothing. Model performance is measured using Root Mean Square Error (RMSE), Mean Absolute 

Error (MAE), and Mean Absolute Percentage Error (MAPE), allowing the most effective forecasting method to be identified. The best-

performing prediction is then fed into the optimization module, where inventory performance is assessed through operational indicators 

such as total inventory cost, service level, and stockout frequency across varying uncertainty conditions [36][39]. 

The explainability and human-centered components are evaluated to assess whether the framework can provide understandable and useful 

recommendations for operational users. SHAP-based analysis is applied to examine feature contributions and improve understanding of 

AI-generated predictions. Furthermore, inventory practitioners, warehouse managers, and supply chain personnel participate in evaluating 

system usefulness, trust, and decision confidence through a five-point Likert-scale questionnaire. This human-in-the-loop evaluation 

enables assessment of the interaction between AI recommendations and human judgment, ensuring that the proposed framework supports 

effective collaboration between intelligent systems and operational decision-makers. 

4. Results and Discussion 

4.1. Development and Architecture of the Human-Centered AI Framework 
The outcome of this study is a Human-Centered Artificial Intelligence (HCAI) framework built to support adaptive inventory decision-

making amid supply chain uncertainty. Four main components are brought together within this framework: AI-based demand prediction, 

Explainable Artificial Intelligence (XAI), adaptive inventory optimization, and human decision support, all operating within a single, 

unified analytical workflow. Linking these components in sequence allows the framework to turn operational inventory data into adaptive 

recommendations, while still preserving human validation at every stage of the decision-making process. Figure 2 presents the overall 

architecture of the proposed framework. 

 

 

 

Fig 2. Proposed Human-Centered Artificial Intelligence Framework for Adaptive Inventory Decision Support 

 

The developed framework consists of four interconnected layers that progressively transform supply chain data into actionable inventory 

decisions. The first layer, the AI-Based Demand Prediction Layer, processes historical demand patterns and relevant supply chain variables 

to estimate future inventory requirements using machine learning models. The generated forecasts are subsequently transferred to the XAI 

Interpretation Layer, where SHapley Additive exPlanations (SHAP) are applied to identify the contribution of individual variables and 

provide interpretable insights into prediction outcomes. The explainable information is then integrated into the Adaptive Inventory 

Optimization Layer, which determines inventory policies, including replenishment quantity, reorder point, and safety stock, while 

considering operational constraints such as inventory cost, storage capacity, lead time, and service-level requirements. Finally, the Human 

Decision Support Layer enables inventory planners to review, validate, and adjust AI-generated recommendations before operational 

implementation. 

The resulting architecture demonstrates that adaptive inventory decision support requires integration between predictive intelligence, 

explainability, optimization, and human expertise rather than relying on isolated analytical models. The incorporation of explainable 

mechanisms improves the transparency of machine learning outputs by enabling users to understand the factors influencing AI-generated 

recommendations, which is important for increasing trust and practical adoption of intelligent systems [20], [35]. Furthermore, the human 

validation mechanism reflects the concept of hybrid intelligence, where AI systems complement human capabilities by combining 

computational processing with contextual knowledge and managerial expertise [25][30]. This integrated approach is aligned with recent 

developments in AI-enabled supply chain management that emphasize the use of predictive analytics and intelligent decision-support 

systems to address complex operational uncertainty [10][26]. 

The proposed framework provides the foundation for subsequent evaluations presented in this study. The following sections examine the 

performance of the AI-based forecasting models, the contribution of explainable AI in improving decision transparency, the effectiveness 
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of adaptive inventory optimization, and the role of human validation in supporting reliable inventory decision-making under uncertain 

supply chain conditions. 

4.2. AI-Based Demand Prediction Performance 
The evaluation of the framework began with assessing the AI-Based Demand Prediction Layer, which underpins adaptive inventory 

decision-making throughout the framework. Because forecasting errors can directly affect replenishment planning, inventory availability, 

and operational costs under conditions of supply chain uncertainty, accurate demand prediction is critical. For this reason, five forecasting 

models were tested to identify which approach best suited the proposed framework. Figure 4.2 illustrates the overall evaluation process, 

while Table 4.1 presents the comparative forecasting results. 

 

 

Fig 3. Demand Forecasting Evaluation Process 

 

Two conventional statistical forecasting methods, ARIMA and Exponential Smoothing (ETS)—were compared against three machine 

learning-based approaches, namely Random Forest, Long Short-Term Memory (LSTM), and XGBoost, to evaluate forecasting 

performance. Prediction accuracy was comprehensively assessed using Root Mean Square Error (RMSE), Mean Absolute Error (MAE), 

and Mean Absolute Percentage Error (MAPE). According to the results in Table 3, XGBoost delivered the lowest forecasting errors, 

followed by LSTM and Random Forest, whereas the statistical approaches yielded comparatively higher prediction errors. 

 

Table 2. Comparative Performance of Demand Forecasting Models 

Model RMSE MAE MAPE (%) 

ARIMA 145.20 112.40 18.50 

Exponential Smoothing 138.60 105.10 16.80 

Random Forest 98.40 74.20 11.20 

LSTM 82.10 61.50 8.90 

XGBoost 76.50 55.80 7.40 

 

The superior performance of XGBoost is associated with its capability to capture nonlinear relationships and complex interactions among 

multiple operational variables, including historical demand, pricing conditions, promotional activities, seasonal patterns, holiday effects, 

and supplier lead time. Through a gradient boosting mechanism, XGBoost can effectively learn complex feature interactions from 

structured operational data, making it suitable for demand forecasting problems characterized by variability and uncertainty [17]. Similarly, 

ensemble-based approaches such as Random Forest and sequential learning models such as LSTM have demonstrated strong capabilities 

in capturing complex data patterns, particularly when demand behavior cannot be represented adequately through conventional statistical 

assumptions [33][34]. These findings support previous observations that artificial intelligence-based predictive analytics can improve 

supply chain forecasting by utilizing diverse operational information and identifying hidden patterns within complex datasets [26]. 

From the perspective of the proposed Human-Centered AI framework, the purpose of the AI-Based Demand Prediction Layer extends 

beyond achieving the lowest forecasting error. The forecasting output functions as the analytical foundation for subsequent decision-

support stages by providing reliable estimates of future inventory requirements. The selected prediction model therefore becomes the 

primary input for the Explainable Artificial Intelligence (XAI) Layer, where forecasting results are interpreted to identify influential factors 

and improve user understanding before being integrated into the adaptive inventory optimization process. This sequential integration 

ensures that inventory decisions are supported not only by predictive accuracy but also by transparent and interpretable information, 

strengthening the reliability and practical acceptance of AI-assisted decision-making under supply chain uncertainty [20][26]. Furthermore, 

the integration of predictive intelligence with explainability and human involvement reflects the principles of Human-Centered AI, where 

AI systems are designed to augment human decision capabilities rather than replace operational expertise [25][30]. 

4.3. Explainable Artificial Intelligence (XAI) Analysis for Demand Prediction 
Following the identification of XGBoost as the best-performing forecasting model, the second stage of framework evaluation focused on 

assessing the Explainable Artificial Intelligence (XAI) Layer to improve the transparency of AI-generated recommendations before they 

were integrated into inventory decision-making. Although XGBoost provides strong predictive performance, its ensemble structure limits 

direct interpretation of how individual variables influence forecasting outcomes. Therefore, the proposed framework incorporates SHapley 
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Additive exPlanations (SHAP) to quantify feature contributions and provide interpretable insights regarding the factors affecting demand 

prediction results [28], [35]. The global features generated by SHAP is presented in Figure 3, while the contribution values of each variable 

are summarized in Table 4.2. 

 

Fig 3. SHAP Summary Plot Showing Global Feature Importance for Demand Forecasting 

 

The SHAP analysis indicates that Historical Demand represents the most influential factor affecting demand prediction, followed by 

Promotion, Price, Seasonality, Lead Time, and Holiday indicators. This distribution demonstrates that the forecasting model captures not 

only historical consumption patterns but also external operational and market-related factors influencing inventory demand. The significant 

contribution of promotion and price variables indicates that XGBoost can identify nonlinear relationships among multiple operational 

factors, which is one of the advantages of gradient boosting approaches for structured data analysis [17]. Furthermore, the contribution of 

lead time highlights the importance of incorporating supply-side uncertainty into adaptive inventory planning, as supplier responsiveness 

can affect inventory availability and replenishment decisions [4]. 

To complement the overall feature importance analysis, the framework also provides local explanations for individual forecasting instances 

using SHAP Waterfall Plots, as illustrated in Figure 3. 

 

Table 3. Global Feature Importance Based on Mean Absolute SHAP Values 

Feature Mean Absolute SHAP Value Operational Interpretation 

Historical Demand 4.82 Primary indicator of future inventory requirements 

Promotion 3.65 Reflects demand increases during promotional activities 

Price 3.10 Captures customer sensitivity to price changes 

Seasonality 2.44 Represents recurring seasonal demand patterns 

Lead Time 1.87 Influences inventory buffering under supply uncertainty 

Holiday 0.76 Represents temporary demand fluctuations 

 

The dominance of Historical Demand confirms that previous purchasing behavior remains the strongest predictor of future inventory 

requirements. However, the contribution of Promotion and Price demonstrates that demand patterns are also influenced by dynamic market 

conditions beyond historical trends. These findings suggest that the predictive model is able to capture complex interactions among 

operational variables, enabling more adaptive forecasting under uncertain supply chain environments [17][26]. Although Lead Time shows 

a lower global contribution, its role becomes increasingly relevant when supply disruptions occur, indicating that inventory planning 

requires consideration of both demand-side and supply-side uncertainty. 

To complement global interpretation, the framework also generates local explanations using SHAP Waterfall Plots, as illustrated in Figure 

4.4. The waterfall visualization explains how individual features contribute to the final forecasting output by decomposing the prediction 

from its baseline value into the final estimated inventory requirement. For example, a forecasting instance demonstrates that the predicted 

inventory requirement increased from 120 units to 180 units after considering the combined effects of operational variables. Historical 

Demand contributed positively to the prediction, while promotional activities and supplier-related conditions further increased the 

recommended inventory level. Conversely, price variation reduced the predicted requirement. This decomposition enables inventory 

planners to understand the reasoning behind individual predictions rather than relying solely on numerical outputs. 
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Fig 4. SHAP Waterfall Plot for Local Explanation of an Individual Demand Prediction 

 

The SHAP-based explanations were subsequently presented to the 20 inventory practitioners involved in the framework evaluation. The 

participants reviewed the forecasting output and explanation results before the recommendations were transferred to the inventory 

optimization module. The evaluation demonstrated that explainability functions not only as a technical interpretation mechanism but also 

as a communication approach that facilitates human understanding and validation of AI-generated recommendations. 

The integration of explainability is particularly important because high-performing AI models may face limited acceptance when users 

cannot understand the reasoning behind generated predictions. Explainable AI approaches improve transparency by revealing relationships 

between input variables and model outputs, enabling users to evaluate whether recommendations are reasonable within specific operational 

contexts [19][20]. Furthermore, transparency and human oversight represent essential principles within Human-Centered AI, where 

intelligent systems are designed to support rather than replace human decision-making capabilities [30]. In supply chain applications, 

explainable predictive analytics can improve confidence and facilitate practical adoption by connecting algorithmic outputs with 

operational knowledge [10]. 

In general, the Explainable AI Layer successfully transforms complex forecasting outputs into understandable operational insights that 

support human validation before inventory decisions are generated. The interpreted prediction results subsequently become the primary 

input for the Adaptive Inventory Optimization Layer, where forecasting information is converted into adaptive recommendations regarding 

order quantity, reorder point, and safety stock. 

4.4. Adaptive Inventory Optimization Performance 
Following the interpretation of demand predictions through the Explainable AI layer, the forecasting outputs were subsequently processed 

by the Adaptive Inventory Optimization Layer to generate inventory policies under supply chain uncertainty. This stage transforms AI-

generated demand forecasts into operational inventory decisions by integrating predicted demand, forecast uncertainty, lead time, inventory 

conditions, and cost parameters within a Mixed Integer Programming (MIP)-based optimization model. The optimization architecture 

enables the framework to move beyond predictive analytics by converting forecasting information into prescriptive inventory 

recommendations, including Order Quantity (Q), Reorder Point (ROP), and Safety Stock (SS) decisions [23]. The architecture of the 

optimization process is illustrated in Figure 4. 

 

 

Fig 5. Adaptive Inventory Optimization Layer Architecture 

 

The optimization model receives demand forecasts generated by the AI Prediction Layer together with uncertainty information derived 

from the forecasting process. These inputs are combined with operational constraints, including supplier lead time, warehouse capacity, 

current inventory level, ordering cost, holding cost, and stockout penalty cost. Based on these parameters, the optimization module 

determines inventory policies that minimize total inventory cost while maintaining the required service level. The comparative performance 

between the conventional inventory policy and the proposed framework is presented in Table 4. 
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Table 4. Operational Inventory Optimization Performance Comparison 

Performance Indicator Conventional Policy Proposed Framework Improvement 

Total Inventory Cost (IDR) 1,245,000,000 962,000,000 −22.7% 

Service Level (%) 88.5 96.8 +8.3% 

Stockout Rate (%) 11.5 3.2 −8.3% 

Inventory Turnover (times/year) 4.2 6.5 +54.8% 

 

The results demonstrate that the proposed framework achieved superior operational performance compared with the conventional inventory 

policy across all evaluated indicators. The integration of AI-based demand forecasting and adaptive optimization reduced total inventory 

cost by 22.7% while increasing service level from 88.5% to 96.8%. Furthermore, the stockout rate decreased from 11.5% to 3.2%, 

indicating that the optimization model improved product availability without requiring excessive inventory accumulation. The increase in 

inventory turnover from 4.2 to 6.5 times per year further confirms that the proposed framework enables more efficient utilization of 

inventory resources. 

The improvement obtained from the proposed framework is not solely derived from forecasting accuracy but also from its capability to 

dynamically adjust inventory policies according to changing operational conditions. Conventional inventory approaches commonly rely 

on predefined parameters and historical averages, which may become ineffective when demand patterns and supply conditions fluctuate. 

In contrast, the proposed optimization layer continuously updates inventory recommendations by incorporating predicted demand and 

uncertainty information, enabling more adaptive responses to supply chain variability. This approach is consistent with prescriptive 

analytics principles, where predictive information is transformed into actionable decisions through optimization mechanisms [23]. 

To further illustrate this adaptive mechanism, Figure 6 presents the relationship between forecasting uncertainty and the recommended 

safety stock generated by the optimization module. 

 

 

Fig 6. Dynamic Adjustment of Safety Stock Based on Forecast Uncertainty 

 

As forecasting uncertainty increases, the optimization model automatically recommends higher safety stock levels to reduce the probability 

of inventory shortages. Conversely, when demand predictions become more stable, the recommended stock decreases to minimize 

unnecessary holding costs. This dynamic adjustment demonstrates that the proposed framework does not rely on static inventory parameters 

but continuously recalculates inventory policies according to changing supply and demand conditions. Such behavior reflects adaptive 

inventory management principles, where inventory buffers are aligned with uncertainty levels and operational risks rather than fixed 

historical assumptions [7][36]. 

During framework evaluation, the optimization outputs, including recommended Order Quantity, Reorder Point, and Safety Stock, were 

presented to inventory practitioners from the participating food distributors and rice warehouses for operational review. The 

recommendations were not implemented automatically; instead, practitioners evaluated the generated policies before execution based on 

their operational knowledge and contextual considerations. This mechanism maintains human oversight throughout the optimization 

process and ensures that AI-generated recommendations remain aligned with practical decision-making requirements, consistent with 

Human-Centered AI principles [30]. Similar decision-support approaches have emphasized the importance of integrating analytical 

recommendations with human evaluation in operational environments [11]. 

Overall, the Adaptive Inventory Optimization Layer successfully transforms AI-generated demand forecasts into practical inventory 

policies that balance cost efficiency and service performance under supply chain uncertainty. The optimized recommendations 

subsequently become the foundation for evaluating user acceptance and decision-support effectiveness within the Human Decision Support 

Layer. 

4.5. Human-Centered Decision Support Evaluation 
Evaluation of the framework concluded with an examination of the Human Decision Support Layer, which speaks to the third research 

objective by combining AI-generated recommendations with human judgment. Instead of executing recommendations automatically, the 

proposed framework relies on a human-in-the-loop approach, whereby inventory planners review the recommended inventory policy 

alongside its corresponding SHAP-based explanations before finalizing any decision. Figure 7 presents the workflow used for this 

evaluation. 
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Fig 7. Human-in-the-Loop Decision Support Evaluation Workflow 

 

Twenty inventory practitioners took part in the evaluation, drawn from participating food distributors and rice warehouses in Mutiara 

District (Pidie Regency) and Jeunieb District (Bireuen Regency), Aceh, Indonesia. Each participant had at least three years of experience 

in inventory planning, warehouse management, or procurement, and was actively involved in operational inventory decision-making. 

Following their interaction with the framework prototype, participants completed a structured questionnaire assessing perceived usefulness, 

trust, and decision confidence on a five-point Likert scale. Table 4 summarizes the evaluation results. 

 

Table 5. User Evaluation of the Human-Centered Decision Support Layer 

Evaluation Indicator Mean SD 

Perceived Usefulness 4.63 0.42 

Trust 4.55 0.46 

Decision Confidence 4.71 0.38 

 

Across all assessment dimensions, evaluation results point to a positive user perception, with mean scores exceeding 4.50. Decision 

Confidence recorded the highest score (4.71), followed by Perceived Usefulness (4.63) and Trust (4.55). These results indicate that pairing 

AI recommendations with SHAP-based explanations enabled practitioners to better grasp the reasoning behind inventory 

recommendations, in turn strengthening their confidence during operational decision-making. 

These findings also lend support to the principles of Human-Centered Artificial Intelligence, in which AI operates as a decision-support 

tool rather than a substitute for human expertise. Because practitioners retain the ability to review explanations and either accept or modify 

the recommended inventory policy, the framework effectively brings together computational capability and operational experience. This 

kind of collaborative decision-making aligns with the concept of human–AI hybrid intelligence, which stresses how artificial intelligence 

and human expertise complement one another in strengthening decision quality and organizational performance [16]. Beyond that , AI 

systems that are transparent and interpretable can help build user trust, enable more effective human–AI interaction, and support the 

practical uptake of AI-based decision systems in real operational settings [30]. Taken together, the incorporation of human validation into 

the proposed framework shows that AI-generated inventory recommendations can be converted into actionable decisions through the 

combined efforts of predictive intelligence, explainability, optimization, and operational expertise. 

5. Conclusion  

This study introduces a Human-Centered Artificial Intelligence (HCAI) framework designed to support adaptive inventory decision-

making under supply chain uncertainty, bringing together AI-based demand prediction, Explainable Artificial Intelligence (XAI), adaptive 

inventory optimization, and human decision support within one unified analytical architecture. Guided by the Design Science Research 

Methodology (DSRM), the framework was developed and tested using real inventory data collected from local food distributors and rice 

warehouses in Pidie Regency and Bireuen Regency, Aceh, Indonesia. Findings show that combining predictive analytics, explainability 

mechanisms, optimization models, and human validation allow AI-generated recommendations to become more accurate, interpretable, 

and operationally relevant. Rather than replacing human decision-makers, the framework positions AI as a collaborative decision-support 

capability that strengthens inventory planning under uncertain supply chain conditions. 

The main contribution here lies in advancing the application of Human-Centered Artificial Intelligence in supply chain management by 

building an integrated framework that connects computational intelligence with human operational expertise. Methodologically, it offers a 

structured way to combine forecasting, explanation, optimization, and human-in-the-loop involvement within adaptive inventory decision-

making. On a practical level, the approach helps organizations improve inventory responsiveness while still preserving transparency and 

managerial oversight over AI-assisted decisions. Future work could extend this framework by incorporating real-time data streams, testing 

its applicability across different industrial sectors, and developing multi-echelon optimization approaches for more complex supply chain 

networks. 
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