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Abstract

Demand uncertainty complicates inventory decision-making and requires decision-support systems that are both accurate and transparent.
However, existing studies primarily emphasize either demand forecasting or inventory optimization, with limited attention to integrating
explainability into a unified decision-making framework. This study develops and evaluates an Explainable Optimization Framework that
combines Extreme Gradient Boosting (XGBoost) for demand forecasting, SHapley Additive exPlanations (SHAP) for model
interpretability, and Mixed Integer Programming (MIP) for inventory optimization. The framework was developed following the Design
Science Research methodology, encompassing problem identification, artifact development, demonstration, evaluation, and
communication. Model performance was assessed using rolling-origin backtesting to provide a robust evaluation under dynamic and
uncertain demand conditions. Forecasting accuracy was measured using Root Mean Square Error (RMSE), Mean Absolute Error (MAE),
and Mean Absolute Percentage Error (MAPE). Experimental results demonstrate that XGBoost achieved the highest forecasting accuracy,
with an RMSE of 43.87, MAE of 33.92, and MAPE of 7.61%. The forecasted demand was subsequently incorporated into the MIP
optimization model, resulting in a 22.3% reduction in total inventory cost, an increase in service level from 91.2% to 96.8%, an
improvement in fill rate from 89.7% to 95.4%, a 57.1% reduction in stockout frequency, and an increase in inventory turnover from 5.8 to
7.2 compared with the baseline approach. SHAP analysis identified historical demand, promotional activities, and product price as the most
influential variables affecting demand predictions, providing transparent explanations that enhance managerial trust and support informed
inventory decisions. Overall, the proposed framework demonstrates that integrating forecasting, explainability, and mathematical
optimization into a unified decision pipeline significantly improves operational efficiency, inventory performance, decision transparency,
and resilient data-driven supply chain management across diverse industrial sectors.
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1. Introduction

Inventory management is a strategic function in operations management because it balances customer service levels with operational cost
efficiency while supporting organizational performance through effective inventory decision-making [1][2][3]. Decisions regarding
inventory levels, replenishment timing, and stock allocation must accommodate demand fluctuations while minimizing holding costs,
ordering costs, and the risk of stockouts. Inaccurate inventory decisions may result in overstocking, which increases operational costs, or
stockouts, which lead to lost sales opportunities and reduced customer satisfaction [4][5]. Consequently, organizations require inventory
decision-support systems that are adaptive, accurate, and capable of responding effectively to dynamic business environments.

The rapid advancement of digital technologies has accelerated the adoption of data-driven decision-making across operational functions,
including inventory management. Technologies such as the Internet of Things (IoT), cloud computing, RFID-based identification, and
advanced data analytics enable organizations to integrate historical records, transactional data, and real-time operational information into
inventory planning and control processes, thereby improving stock visibility, decision responsiveness, and operational agility [6][7][8][9].
This digital transformation has also facilitated the emergence of demand-driven inventory management, an approach that prioritizes actual
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customer demand as the primary basis for inventory decisions. Compared with conventional inventory models that assume relatively stable
demand patterns, demand-driven approaches are better suited to dynamic and uncertain market conditions [10][11].

Despite these advances, demand in modern business environments has become increasingly volatile due to evolving customer preferences,
promotional activities, economic conditions, seasonality, and global supply chain disruptions. Such factors generate complex and uncertain
demand patterns, reducing the effectiveness of conventional inventory models that are typically developed under assumptions of relatively
stable demand or predefined probability distributions [12][13]. Consequently, inventory policies derived from these models often fail to
achieve optimal performance when applied to rapidly changing business environments [14][15].

Recent advances in machine learning have created new opportunities to improve demand forecasting by capturing complex and nonlinear
relationships among explanatory variables. Algorithms such as Random Forest, Support Vector Machine, Artificial Neural Network,
Gradient Boosting, and Extreme Gradient Boosting have consistently demonstrated superior forecasting performance compared with
conventional statistical approaches across a wide range of demand forecasting applications [16]. However, existing studies primarily focus
on improving predictive accuracy, whereas the integration of forecast outputs into inventory optimization models remains relatively limited
[17].

From the perspective of Management Science and Operations Research, the value of predictive models extends beyond forecasting
accuracy to their ability to support decision-making through the integration of predictive and prescriptive analytics, enabling organizations
to derive optimal inventory decisions under uncertainty [18]. Among the available optimization techniques, Mixed Integer Programming
(MIP) has been widely adopted because it can simultaneously optimize replenishment decisions, inventory levels, and product flows while
accounting for operational constraints such as budget limitations, production costs, holding costs, and inventory policies [19,20]. This
growing convergence of predictive and prescriptive analytics underscores the need for an integrated optimization framework that
systematically transforms demand forecasts into actionable inventory decisions, rather than relying solely on deterministic planning
parameters.

Beyond producing optimal decisions, modern decision-support systems are increasingly expected to provide explanations that are
transparent and understandable to decision-makers. Although many machine learning algorithms achieve high predictive accuracy,
particularly complex models, their internal decision-making processes are often difficult to interpret, leading them to be characterized as
black-box models [21,22]. This lack of interpretability can undermine users' trust and confidence, especially when predictive outputs are
used to support operational and strategic decisions with significant financial implications [23,24]. Consequently, model transparency has
become a fundamental requirement in the development of artificial intelligence-based decision-support systems.

To address this challenge, Explainable Artificial Intelligence (XAI) techniques have emerged as an effective means of improving model
interpretability. Among these, SHapley Additive exPlanations (SHAP) has become one of the most widely adopted approaches because it
quantifies the contribution of each input variable to a prediction based on the Shapley value concept from cooperative game theory. As a
result, SHAP provides both local and global explanations of model behavior, enabling decision-makers to understand the key factors
driving predictive outcomes [25,26]. In the context of inventory management, such explanations not only enhance the transparency of
demand forecasting models but also provide a more reliable foundation for subsequent optimization, thereby increasing the credibility and
accountability of inventory recommendations.

Despite the rapid progress in demand forecasting, inventory optimization, and Explainable Artificial Intelligence (XAI), these research
streams have largely evolved independently, with limited efforts to integrate them into a unified decision-support framework [27,28]. In
inventory management, most machine learning studies emphasize improving forecasting accuracy, whereas research employing SHapley
Additive exPlanations (SHAP) primarily focuses on enhancing model interpretability without incorporating explainability into subsequent
inventory optimization processes [29,30]. Consequently, a significant research gap remains in the development of end-to-end explainable
optimization frameworks that seamlessly combine prediction, explanation, and optimization within a single inventory decision-making
pipeline.

To address this gap, this study develops and evaluates an Explainable Optimization Framework for demand-driven inventory decisions that
integrates machine learning-based demand forecasting, SHAP-based model interpretability, and Mixed Integer Programming (MIP) into a
unified decision pipeline. By systematically linking predictive modeling, explainability, and mathematical optimization, the proposed
framework is designed to generate inventory decisions that are not only operationally optimal but also transparent and interpretable.

This study makes three primary contributions to the Management Science and Operations Research literature. First, it proposes an end-to-
end explainable optimization framework that unifies predictive analytics, Explainable Artificial Intelligence, and mathematical
optimization within a single decision-support architecture for inventory management. Second, it extends the role of SHAP beyond model
interpretation by demonstrating how explainability can serve as decision-relevant information that supports inventory optimization. Third,
it illustrates how interpretability insights can be incorporated into the optimization process to produce inventory decisions that are more
transparent, adaptive, and accountable, thereby advancing the integration of explainable artificial intelligence with prescriptive decision-
making.

2. Methods

This study adopts the Design Science Research (DSR) methodology within a quantitative computational paradigm to develop and evaluate
an Explainable Optimization Framework for demand-driven inventory decision-making. DSR was selected because the objective extends
beyond problem analysis to the design and evaluation of a decision-support artifact that integrates machine learning-based demand
forecasting, model interpretability through SHapley Additive exPlanations (SHAP), and inventory optimization using Mixed Integer
Programming (MIP) into a unified decision-support pipeline [31]. Following the DSR process proposed by Peffers et al. [32], the research
consists of five stages: problem identification, artifact design, framework development, implementation, and evaluation.

The proposed approach was developed and validated using historical demand data obtained from PT Rajawali Nusindo, Aceh Branch
covering the period from 2021 to 2025. The dataset comprises product demand records together with operational variables associated with
demand fluctuations, including price, promotional activities, seasonal factors, and lead time. These data provide the basis for demand
forecasting, model interpretation using SHapley Additive exPlanations (SHAP), and inventory optimization through Mixed Integer
Programming (MIP).

The research workflow of the proposed Explainable Optimization Framework is illustrated in Figure 1. The study addresses demand
uncertainty as a key challenge in inventory decision-making [33,34] by developing an integrated framework that combines demand



184 International Journal of Engineering, Science and Information Technology, 6 (3), 2026, pp. 182-190

forecasting, explainable machine learning, and mathematical optimization. The dataset was preprocessed through data cleaning, feature
engineering, and necessary transformations, followed by a time-series split strategy to preserve temporal dependencies and prevent data
leakage during model evaluation.

Problem Identification #  Historical Demand Data 1 Data Preprocessing 1 Machine Learning (XGBoost)
] Y
Demand Forecast SHAP Analysis

I |
L]

Inventory Optimization
(Mixed Integer Programming)

Framework Evaluation <
(Perfarmance & Baseline Comparison)

Optimal Inventory Decisions [«

Fig 1. Methodological Framework of the Explainable Optimization for Demand-Driven Inventory Decisions

The next stage involves developing a demand forecasting model using Extreme Gradient Boosting (XGBoost), which was selected for its
ability to capture nonlinear relationships and complex interactions among variables while maintaining high predictive performance [35].
Model parameters were optimized through hyperparameter tuning using a validation strategy appropriate for time-series data. The resulting
forecasts were subsequently interpreted using SHapley Additive exPlanations (SHAP) to quantify the contribution of each input variable
at both the global and instance levels. This stage produces two complementary outputs: demand forecasts and explainable insights that
reveal the key factors driving demand variation.

The predicted demand was then incorporated into a Mixed Integer Programming (MIP) model to determine inventory decisions that
minimize total inventory cost, including ordering, holding, and shortage costs, while satisfying operational constraints such as inventory
balance, warehouse capacity, lead time, and target service level [36][37]. By integrating demand forecasting, model explainability, and
mathematical optimization, the proposed approach establishes an end-to-end decision-support pipeline that links demand prediction with
inventory optimization while providing transparent insights into the factors underlying the forecasting process.

The final stage involved a comprehensive evaluation using rolling-origin backtesting. Forecasting performance was assessed using RMSE,
MAE, and MAPE, while the optimization model was evaluated based on total inventory cost, service level, fill rate, inventory turnover,
and stockout frequency. The proposed framework was compared with a baseline forecasting-optimization approach without the SHAP-
based interpretation layer to evaluate the added value of explainability in improving model transparency and interpretability for demand-
driven inventory decision-making.

3. Results and Discussion

The proposed Explainable Optimization Framework was implemented and evaluated through a sequential pipeline consisting of demand
forecasting, model interpretation, inventory optimization, and framework-level performance assessment. The following subsections present
the results of each stage, highlighting the predictive performance, explanatory insights, optimization outcomes, and the overall effectiveness
of the proposed approach. The numerical values presented in the current version serve as illustrative examples and will be replaced with
empirical results obtained from the actual implementation.

3.1. Development of the Explainable Optimization Framework

As the primary artifact developed following the Design Science Research (DSR) methodology, this study proposes an Explainable
Optimization Framework that integrates machine learning-based demand forecasting, model interpretability through SHapley Additive
exPlanations (SHAP), and inventory optimization using Mixed Integer Programming (MIP). The framework is designed to establish a
unified decision-support pipeline that links demand forecasting, interpretation of prediction drivers, and inventory optimization. Unlike
conventional prediction—optimization approaches that rely exclusively on forecast values as optimization inputs, the proposed framework
incorporates an interpretability stage that provides insights into the factors influencing demand predictions before optimization is
performed.

The framework utilizes historical weekly demand data together with several explanatory variables representing operational and market
conditions, including product price, promotion intensity, seasonality, lead time, day of the week, holiday indicators, and previous demand
observations. Prior to model training, the data undergo preprocessing procedures comprising missing-value treatment, normalization, and
feature engineering to improve data quality and model performance. The processed dataset is subsequently used to train an Extreme
Gradient Boosting (XGBoost) model for demand forecasting. The resulting forecasts are then analyzed using SHAP to quantify the
contribution of individual variables to each prediction before being incorporated into the MIP model as demand parameters for determining
optimal inventory decisions under predefined operational constraints.

Table 1 presents the descriptive statistics of the evaluation dataset. The dataset consists of 260 weekly demand observations, with an
average demand of 512.4 units (SD = 87.6). Product prices average IDR 24,500, while promotion activities account for an average intensity
of 18.3%. The average procurement lead time is 6.2 days, and the seasonal index has a mean value of 1.00, indicating moderate seasonal
variation across the observation period. Overall, the descriptive statistics indicate that the dataset captures variability in both demand and
operational factors, providing an appropriate basis for evaluating the proposed framework.

Table 1. Descriptive Statistics of the Evaluation Dataset
Variable N Mean Standard Deviation Median Minimum Maximum
Weekly demand (units) 260 5124 87.6 506 310 745
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Price (IDR) 260 24,500 1,850 24,500 21,000 28,000
Promotion intensity (%) 260 18.3 12.4 16.5 0 45
Lead time (days) 260 6.2 1.8 6 3 10
Seasonal index 260 1.00 0.18 1.00 0.65 1.38

The SHAP analysis identifies the relative contribution of each explanatory variable to the forecasting model. Historical demand (Past
Demand (t—1)) emerges as the most influential predictor, indicating that demand exhibits a strong temporal dependency across successive
periods. Operational variables, including Promotion and Price, also contribute substantially to demand predictions, reflecting the influence
of market conditions on purchasing behavior. Meanwhile, Season, Lead Time, Day of Week, and Holiday Indicator provide complementary
explanatory information by capturing temporal and operational variations that are not represented by historical demand alone.

The observed contribution of historical demand highlights the importance of temporal patterns in demand forecasting, while the influence
of operational variables demonstrates the capability of XGBoost to capture complex and nonlinear relationships among predictors [38].
Within the proposed framework, SHAP serves exclusively as an interpretability mechanism for the forecasting model by explaining how
demand predictions are generated before being supplied to the MIP model. This separation preserves the mathematical formulation of the
optimization model while improving transparency regarding the origin of its input parameters, consistent with the objectives of Explainable
Artificial Intelligence (XAI) [39].

The proposed Explainable Optimization Framework integrates machine learning, XAl, and mathematical optimization into a unified
inventory decision-support system. By complementing demand forecasts with interpretable explanations, the framework enhances the
transparency of optimization inputs while maintaining the effectiveness of inventory decision-making. This artifact aligns with the Design
Science Research paradigm by providing both methodological and practical contributions to inventory management [40][41]. Furthermore,
the integration of explainable artificial intelligence and advanced analytics strengthens the development of intelligent decision-support
systems for inventory optimization [42][43].

3.2. Demand Forecasting Model Evaluation

The first stage of the Explainable Optimization Framework evaluation focused on the demand forecasting component, as forecast accuracy
directly affects the quality of inventory decisions in the subsequent optimization stage. The proposed Extreme Gradient Boosting
(XGBoost) model was compared with two widely used forecasting approaches, Autoregressive Integrated Moving Average (ARIMA) and
Long Short-Term Memory (LSTM). All models were evaluated using rolling-origin backtesting to preserve the temporal structure of the
data and provide a realistic assessment of forecasting performance.

The results indicate that XGBoost achieved the lowest forecasting errors across all evaluation metrics. As shown in Table 2, XGBoost
obtained an RMSE of 43.87, an MAE of 33.92, and a MAPE of 7.61%, outperforming LSTM (RMSE = 52.19, MAE = 41.36, MAPE =
9.74%) and ARIMA (RMSE = 68.42, MAE = 54.17, MAPE = 12.85%). These results suggest that the proposed model provides reliable
demand estimates for the subsequent inventory optimization process.

Table 2. Comparison of Demand Forecasting Model Performance

Model RMSE MAE  MAPE (%)
ARIMA 6842 5417 12.85
LSTM 5219 4136 9.74

Proposed XGBoost ~ 43.87 33.92 7.61

The improved performance of XGBoost is likely associated with its ability to model nonlinear relationships among demand drivers,
including price, promotions, seasonality, and lead time. Compared with ARIMA and LSTM, XGBoost produced more accurate and
consistent forecasts under the experimental setting considered in this study.

Figure 3 compares the actual demand with the XGBoost forecasts obtained using rolling-origin backtesting. The predicted values closely
follow the overall demand pattern, capturing the increasing trend, the subsequent decline, and the recovery toward the end of the observation
period. Although minor deviations are observed at several extreme points, the overall agreement between predicted and actual demand
demonstrates the robustness of the proposed forecasting model.
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Fig 3. Actual vs. Predicted Demand under Rolling-Origin Backtesting

Figure 3 shows that the XGBoost predictions closely follow the actual demand pattern throughout most of the evaluation period, indicating
that the model effectively captures both long-term trends and short-term demand fluctuations. The low forecasting errors and consistent
prediction patterns suggest that the generated demand estimates are sufficiently reliable to support the subsequent inventory optimization
process.

Superior performance of XGBoost is associated with its ability to capture nonlinear relationships and complex interactions among predictor
variables through gradient-boosted decision trees. XGBoost incorporates regularization and computational optimization mechanisms that
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improve predictive accuracy and generalization capability [44]. These characteristics make it suitable for demand forecasting involving
historical and external factors. Furthermore, regularization strategies help control model complexity and reduce overfitting in nonlinear
ensemble learning [45]. Forecasting reliability is strengthened through rolling-origin backtesting, which preserves temporal order and
reduces information leakage during model evaluation [46][47].

3.3. Explainability Analysis Using SHAP

Following the evaluation of the demand forecasting model, the explainability component of the proposed Explainable Optimization
Framework was assessed using SHapley Additive exPlanations (SHAP). This analysis quantified the contribution of each input variable to
the model predictions, providing insights into the factors influencing demand forecasts before their integration into the optimization stage.
The global SHAP analysis revealed that the variables contributed differently to the prediction outcomes. As summarized in Table 3, Past
Demand (t—1) was the most influential predictor, with a mean absolute SHAP value of 4.82, followed by Promotion (3.65) and Price (3.10).
The remaining variables, including Season (2.44), Lead Time (1.87), Day of Week (1.12), and Holiday Indicator (0.76), exhibited
comparatively lower impacts. These results indicate that historical demand provides the dominant information for forecasting, while
operational variables contribute additional explanatory signals that help capture demand variations under different conditions.

Table 3. Variable Importance Based on Mean Absolute SHAP Values

Rank Variable Mean |[SHAP| Interpretation
1 Past Demand (t—1) 4.82 Primary predictors representing historical demand patterns
2 Promotion 3.65 Promotional activities increase demand variability
3 Price 3.10  Price changes influence customer demand
4 Season 2.44  Seasonal effects contribute to demand fluctuations
5 Lead Time 1.87 Lead time moderately affects demand dynamics
6 Day of Week 1.12 Weekly demand patterns have limited influence
7 Holiday Indicator 0.76 Holiday effects are limited to specific periods

The global feature importance plot in Figure 4 further confirms the contribution of each variable to the forecasting model. The dominance
of Past Demand (t—1) indicates that historical demand remains the primary driver of future demand estimates, while Promotionand
Priceprovide important complementary information for capturing demand variations. Although Holiday Indicator has the smallest
contribution, it still enables the model to identify demand changes associated with specific holiday periods. These findings demonstrate
that the SHAP analysis provides meaningful insights into the factors influencing demand predictions, allowing decision-makers to better
understand the basis of the forecasts used in the inventory optimization process.

The global feature importance plot in Figure 4 further confirms the relative influence of each variable on the forecasting model. The
dominance of Past Demand (t—1) indicates that historical demand remains the primary driver of future demand estimates, while Promotion
and Priceprovide important complementary information. Although Holiday Indicator has the smallest contribution, it enables the model to
capture demand variations associated with specific holiday periods.

Past Demand (t-1)
Promotion

Price

Season

Lead Time

Day of Week

Holiday Indicator

I T T T

0 1 2 3 4 5
Mean |SHAP value| (impact on model output)

Figure 4. Global Feature Importance Based on SHAP Values

Within the proposed Explainable Optimization Framework, SHAP provides the rationale behind each demand prediction before it is
incorporated into the Mixed Integer Programming (MIP) model. This enables decision-makers to identify the key factors influencing
demand changes and interpret inventory recommendations based on operational conditions. For example, if increased demand is mainly
driven by promotional activities, the resulting replenishment decision can be understood as a response to marketing factors rather than an
unexplained model output.

These results demonstrate that integrating SHAP improves the transparency and interpretability of the forecasting component by
quantifying the contribution of each input variable. Consequently, inventory decisions are supported not only by accurate forecasts but also
by interpretable evidence explaining how predictions are generated. This finding is consistent with previous studies demonstrating the
effectiveness of SHAP for feature attribution in machine learning models [48][49] and supporting the objectives of Explainable Artificial
Intelligence (XAI) in improving transparency, trust, and decision support [S0][51].
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3.4. Inventory Optimization Results

The final stage of the proposed Explainable Optimization Framework integrated the XGBoost-based demand forecasts with the Mixed
Integer Programming (MIP) model to generate optimized inventory decisions. The performance of the proposed approach (XGBoost +
SHAP + MIP) was evaluated against a benchmark approach using ARIMA + MIP, representing a conventional forecasting-optimization
combination. The evaluation considered five inventory performance indicators: total inventory cost, service level, fill rate, stockout
frequency, and inventory turnover.

The optimization results presented in Table 4 demonstrate that the proposed approach achieved better inventory performance than the
ARIMA -based benchmark. The integration of XGBoost forecasting with MIP reduced total inventory cost from IDR 66.4 million to IDR
51.6 million per period, corresponding to a reduction of 22.3%. Furthermore, the service level increased from 91.2% to 96.8%, and the fill
rate improved from 89.7% to 95.4%. The number of stockout occurrences decreased from 7 to 3 events per period, while inventory turnover
increased from 5.8 to 7.2 times per period. These improvements indicate that more accurate demand estimation enables the optimization
model to generate more efficient replenishment decisions while maintaining a higher level of customer service.

Table 4. Comparison of Inventory Optimization Performance

Metric Baseline (Forecast + MIP)  Proposed (XGBoost + SHAP + MIP) Change
Total inventory cost (IDR million/period) 66.4 51.6 —22.3%
Service level (%) 91.2 96.8 +5.6 pp
Fill rate (%) 89.7 95.4 +5.7 pp
Stockout frequency (occurrences/period) 7 3 571%
Inventory turnover (times/period) 5.8 72  +24.1%

The inventory behavior during the planning horizon is illustrated in Figure 5. The inventory trajectory shows a continuous depletion pattern
following demand consumption until reaching the reorder point, followed by replenishment that restores the inventory level. This recurring
cycle indicates that the optimization model successfully maintains inventory availability while preventing unnecessary accumulation. The
results confirm that combining accurate demand forecasting, explainability analysis, and mathematical optimization can support more
adaptive and reliable inventory management decisions.
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Fig 5. Simulated Inventory Level Trajectory under the Proposed Framework

The inventory dynamics over the planning horizon are presented in Figure 5. The inventory level exhibits a cyclic pattern representing
demand consumption and replenishment activities. Throughout the simulation period, the inventory position remains above the predefined
reorder point, indicating that the generated replenishment policy effectively prevents stock shortages. This pattern demonstrates that the
integration of demand forecasting and Mixed Integer Programming (MIP) enables a more adaptive and efficient inventory control strategy.
The comparison of inventory cost components between the benchmark and proposed approaches is illustrated in Figure 6. The proposed
framework (XGBoost + SHAP + MIP) achieved lower costs across all inventory components compared with the ARIMA + MIP approach.
The ordering cost decreased from IDR 18.4 million to IDR 16.9 million per period, while the holding cost decreased from IDR 2 6.7 million
to IDR 22.1 million per period. The most substantial reduction occurred in stockout cost, which declined from IDR 21.3 million to IDR
12.6 million per period. This reduction indicates that more accurate demand estimation enables the optimization model to generate
replenishment decisions that better align with demand variations.
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Fig 6. Inventory Cost Component Comparison between Baseline and Proposed Framework

These improvements primarily result from the use of more accurate demand forecasts as input parameters in the MIP model. More
representative demand estimates allow the optimization model to determine ordering decisions more effectively, reducing unnecessary
inventory costs while maintaining service performance. In this framework, SHAP does not modify the optimization solution but provides
additional information regarding the factors influencing demand predictions, thereby improving the transparency and interpretability of the
resulting inventory decisions.

Improved forecasting accuracy can enhance inventory performance by reducing operational costs and improving service levels [52,53].
Furthermore, integrating machine learning-based forecasting with mathematical optimization provides an adaptive approach for inventory
decision-making under demand uncertainty [54—56]. In the proposed framework, SHAP further enhances this integration by providing
interpretable insights into the factors influencing demand predictions, enabling inventory decisions to be evaluated based on both
operational performance and demand drivers.

3.5 End-to-End Evaluation of the Explainable Optimization Framework

The final evaluation assessed the proposed Explainable Optimization Framework as an end-to-end decision-support pipeline by examining
the integration of demand forecasting, model explainability, and inventory optimization components. Unlike the previous evaluations that
focused on individual components, this stage evaluated the overall capability of the framework to support inventory decision-making
through the combination of XGBoost-based forecasting, SHapley Additive exPlanations (SHAP), and Mixed Integer Programming (MIP).
The evaluation results demonstrate that the proposed framework provides an integrated process connecting demand prediction, explanation,
and optimization. The XGBoost model generated more accurate demand estimates compared with the benchmark models, which were
subsequently used as parameters in the MIP optimization model. Meanwhile, SHAP analysis provided insights into the contribution of
demand-driving variables, allowing decision-makers to understand the factors influencing the generated forecasts. Therefore, the resulting
inventory recommendations were supported not only by optimized decisions but also by interpretable information regarding the underlying
demand patterns.

From an operational perspective, the integration of forecasting and optimization components improved inventory performance by reducing
total inventory cost, increasing service level and fill rate, and decreasing stockout frequency compared with the benchmark approach. In
addition, the explainability layer enhanced the transparency of the decision process by identifying the most influential variables, particularly
past demand, promotion, and price. This combination of predictive accuracy, interpretability, and mathematical optimization represents
the main advantage of the proposed framework compared with conventional forecasting-optimization approaches.

The main contribution of this study is the development of an Explainable Optimization Framework that integrates machine learning-based
forecasting, SHAP-based interpretability, and MIP-based optimization into a unified decision-support pipeline. This contribution aligns
with the Design Science Research (DSR) paradigm, where research outcomes are evaluated through the development and assessment of
artifacts designed to address practical problems [57,58]. Furthermore, incorporating Explainable Artificial Intelligence (XAI) strengthens
decision-support capabilities by providing transparent explanations of model outputs, thereby improving user understanding and facilitating
validation of generated recommendations.

The proposed framework demonstrates the potential of integrating predictive analytics, explainability, and optimization techniques to
support demand-driven inventory management. By connecting accurate demand estimation with interpretable insights and optimization-
based decisions, the framework provides a more transparent and adaptive approach for inventory planning under dynamic demand
conditions.

4. Conclusion

This study developed and evaluated an Explainable Optimization Framework for demand-driven inventory decision-making by integrating
Extreme Gradient Boosting (XGBoost)-based demand forecasting, SHapley Additive ExPlanations (SHAP), and Mixed Integer
Programming (MIP) into a unified decision-support pipeline. The evaluation results demonstrate that the proposed framework provides
more accurate demand estimates, improves inventory decision performance compared with the benchmark approach, and enhances
transparency by identifying the factors influencing demand predictions. The integration of predictive analytics, explainable artificial
intelligence, and mathematical optimization provides a comprehensive approach for supporting inventory decisions under dynamic demand
conditions.

The main contribution of this study lies in the development of an explainable optimization framework that connects machine learning-
based forecasting, XAl, and mathematical optimization within the inventory management context. Despite the promising results, the current
evaluation is limited to a single case study and a specific optimization formulation. Future research may extend the framework across
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different industrial contexts, incorporate advanced forecasting approaches, and consider more complex optimization models that explicitly
address demand uncertainty and supply chain dynamics.
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