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Abstract

Effective inventory management requires deciding when to order, how much to order, and how much
protection to keep in the form of safety stock and safety lead time. Many recent data-driven
approaches still treat lead times, purchasing costs, and defect rates as fixed inputs, and usually
optimize replenishment separately from safety buffers. This study proposes a data-driven framework
that jointly determines replenishment decisions, safety stock, and safety lead time while accounting
for time-varying lead times, purchasing costs, and defect quantities. The approach also uses a custom
loss function to reflect the asymmetric consequences of forecast errors in the inventory setting. The
method is tested on a real automotive dataset. Results show that it produces inventory decisions that
are close to those of an ideal decision-maker and improves cost performance compared with the
benchmark approaches considered. Overall, the study shows that integrating forecasting, safety-
parameter tuning, and replenishment optimization can support more effective inventory decisions in

dynamic operating environments.
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1. Introduction

Inventory management, which requires determining replenishment decisions together with safety
stock and safety lead time levels, plays a crucial role in ensuring operational continuity and cost
efficiency, as firms face substantial holding costs, shortage risks, and variability across supply, cost,
and quality processes (Gongalves et al., 2020; Inderfurth, 1995; Jaggi & Aggarwal, 1994; Van
Kampen et al., 2010). However, these decisions are increasingly challenging due to the stochastic and
interdependent nature of modern supply chains, where fluctuations in lead times, procurement costs,
and defect rates combine with strong interactions between replenishment policies and safety

parameters, making isolated or static optimization inadequate.

Fortunately, recent advances in Artificial Intelligence (AI) and Machine Learning (ML) have driven
significant progress in operations (Calabrese et al., 2023; Cannas et al., 2023; Gabellini, Calabrese,
Regattieri, et al., 2024; Grover et al., 2022; Helo & Hao, 2021; Venkatesh et al., 2024) and supply
chain management (Ahmed et al., 2023; Badakhshan & Ball, 2023; Baryannis et al., 2019; Culot et
al., 2024; Gabellini, Calabrese, Civolani, et al., 2024; Gabellini, Calabrese, Civolani, Regattieri, &
Galizia, 2023; Gabellini, Calabrese, Civolani, Regattieri, & Mora, 2023; Gabellini, Civolani, et al.,
2023, 2024; Gabellini et al., 2022, 2025; Ganesh & Kalpana, 2022; Kassa et al., 2023; Min, 2010;
Pournader et al., 2021; Regattieri et al., 2024; Riahi et al., 2021; Smyth et al., 2024). Specifically,
within inventory control, data-driven methods have emerged mainly through two paradigms: Predict-
Then-Optimize (PTO), in which forecasts feed optimization models, and End-to-End (E2E)
architectures, which jointly learn predictions and decisions. Although E2E approaches are
conceptually appealing, their application in inventory control may be limited by the difficulty of
learning cost-optimal decisions from historical data. In industrial settings, observed decisions
typically reflect heuristic or suboptimal policies implemented by planners, rather than optimal
decisions derived from a well-defined cost function. As a result, E2E models trained directly on

historical data may replicate past decision patterns without guaranteeing cost-optimality.



Consequently, PTO approaches—often implemented through Deterministic Lookahead Models
(DLM) (Powell, 2022)—remain the most widely adopted in practice due to their interpretability and

the fact that they do not require such labelled data.

However, despite their growing adoption, current DLM-based PTO approaches present notable
limitations. They rely on deterministic point forecasts and therefore cannot account for forecast
uncertainty. They typically consider only demand variability, overlooking fluctuations in purchasing
costs, lead times, and yield rates. Moreover, they generally optimize replenishment decisions alone
while treating safety stock and safety lead time separately, even though these quantities are
intrinsically intertwined. Addressing these issues requires extending DLMs to incorporate richer
sources of uncertainty and explicit mechanisms to manage forecast misspecification. Parametrized
Deterministic Lookahead Models (PDLMs), which integrate tunable parameters directly into the

optimization process, provide a suitable foundation for such advancements.

Based on this evidence, the main novel contributions this study aims to bring are thus threefold:

e First, this study proposes a novel ML-based data-driven approach in the form of a PDLM that
jointly determines replenishment decisions, safety stock, and safety lead time within a unified
PTO framework.

e Second, the approach expands the scope of typical DLMs by incorporating a broader set of
forecasted values beyond demand, including purchasing costs, lead times, and defect rates.

e Lastly, a tailored custom loss is adopted to train the adopted ML predictive model to consider

the different impacts that overestimating or underestimating the predicted values can have.

The remainder of this paper is structured as follows. Section 2 reviews prior work on PTO and E2E
inventory approaches and on safety stock and safety lead time optimisation. Section 3 presents the

proposed methodology and describes its validation through a real-world automotive case study.



Section 4 reports the results, while Section 5 discusses their managerial implications. Section 6

concludes with key insights and directions for future research.

2. Literature review

Modern inventory management increasingly relies on advanced methodologies to address the
uncertainties inherent in supply chain systems. This literature review delves into two critical
dimensions of this evolution, focusing on the growing role of data-driven approaches. Section 2.1
explores data-driven methods for inventory replenishment, highlighting advancements in determining
when and how much to order. Sections 2.2 and 2.3 shift focus to safety stock and safety lead time
optimization, where progress has primarily involved traditional mathematical models, linear
programming, and simulation-based approaches. Lastly, Section 2.4 synthesizes these findings to

provide a schematic literature overview, highlighting the current gap.

2.1. Data-driven approaches for inventory replenishment
Over time, data-driven approaches for inventory replenishment have evolved into two main
categories: PTO and E2E models. E2E methods integrate forecasting and optimization into a single
framework and have shown strong potential. Huber et al., (2019) demonstrated how combining
demand estimation with optimization—interpreted through quantile regression—highlights the
importance of accurate forecasts and the flexibility of ML methods such as gradient-boosted trees.
Oroojlooyjadid et al., (2020) applied deep learning to the newsvendor problem, removing
distributional assumptions and proving robust under volatile and sparse data. Punia et al., (2020)
extended E2E modelling to multi-item settings using ML-based quantile regression, while Pirayesh
Neghab et al., (2022) used deep learning to capture cross-period dependencies with observable and
latent features. Qi et al., (2023) advanced E2E replenishment models by jointly learning decisions
across multiple periods without relying on parametric assumptions, and Clausen & Li, (2022) showed

that risk-minimization techniques combined with ML can outperform traditional approaches.



Together, these works underscore the transformative potential of E2E methods in complex, volatile,

data-rich environments.

Despite these advantages, E2E approaches require historical optimal decisions to serve as labels—
data that are often costly or impractical to obtain. This limitation has sustained the relevance of PTO
approaches, which preserve a sequential structure between forecasting and optimization.
Representative contributions include Ban et al., (2019), who developed a data-driven procurement
model integrating forecasting with integer programming under realistic business constraints; Lin et
al., (2022), who proposed a risk-averse newsvendor formulation using nonparametric estimation and
VaR regularization; and Demizu et al., (2023), who leveraged probabilistic forecasting and meta-
learning for multi-product, multi-store inventory settings. Other PTO studies address domain-specific
challenges, such as Mete Ayhan & Kir, (2024) in automotive casting, integrating ML prediction with
classical inventory models; Schmidt & Pibernik, (2024), who introduced global learning across
heterogeneous products in a rolling-horizon framework; and van der Haar et al., (2024), who
enhanced PTO with supervised learning and custom loss functions for lost-sales and perishable-goods
environments. Collectively, these studies confirm the practicality and versatility of PTO approaches
while highlighting remaining gaps in handling uncertainty and jointly optimizing replenishment and

safety parameters.

2.2. Approaches for safety stock optimization
Safety stock optimization has evolved from traditional analytical formulas to advanced linear
programming and simulation-based methods, reflecting the growing complexity of demand and
supply uncertainties. Early analytical contributions—such as Alicke, (2005); Gudehus, (2006) and
Herrmann, (2011)—extended classic service-level-based formulas by incorporating forecasting
errors, undershooting effects, and cycle-disruption adjustments. More flexible optimization-based
approaches subsequently emerged. For demand uncertainty, Janssens & Ramaekers, (2011) proposed

a linear program for worst-case lead-time demand, while Beutel & Minner, (2012) integrated causal



forecasting with LP techniques, and Chen et al., (2013) applied Monte Carlo simulation to clinical
trial supply chains. For lead time variability, M. A. O. Louly & Dolgui, (2009) developed an efficient
branch-and-bound method for assembly systems. Yield-related uncertainty was addressed by de
Armas & Laguna, (2020), who modelled stochastic production rates in capacitated lot-sizing settings.
Multi-uncertainty studies, including Chung et al., (2005); Hung & Chang, (1999) and Keskin et al.,
(2015), further demonstrated how nonlinear programming, throughput-driven models, and integrated
capacity—inventory policies can jointly capture fluctuations in flow times, yields, and production
constraints. Collectively, these works show a progression from simple formulas to sophisticated
optimization and simulation frameworks capable of handling demand, lead time, yield, or combined

uncertainties, thereby strengthening the robustness and adaptability of modern safety stock strategies.

2.3. Approaches for safety lead time optimization

Safety lead time, like safety stock, serves as a key buffering mechanism against demand and supply
uncertainty, and research has progressively explored when and how it should complement or
substitute inventory-based protection. Early studies such as Buzacott & Shanthikumar, (1994)
examined trade-offs in MRP systems, showing that safety lead time is preferable when demand
forecasts are reliable, whereas safety stock becomes more effective under high demand or lead time
variability. Building on this, Molinder, (1997) used simulation and simulated annealing to assess how
variability and cost structures shape the optimal balance between the two mechanisms. Ould-Louly
& Dolgui, (2004) extended the analysis to assembly systems, proposing a cost-minimizing model that
incorporates lead time uncertainty within a generalized Newsboy framework, while Van Kampen et
al., (2010) demonstrated through simulation that the relative effectiveness of safety stock vs. safety
lead time depends on the dominant source of uncertainty in multi-product supply chains. Further
refinements include M. A. Louly & Dolgui, (2013), who optimized MRP parameters under stochastic
lead times without distributional restrictions, highlighting the importance of adjusting planning

parameters to lead time variability. More recently, Silva et al., (2022) introduced a hybrid bi-objective



simulation—optimisation approach that jointly tunes safety stock and safety time, identifying Pareto-
efficient trade-offs between holding costs and service levels under dynamic demand and stochastic
lead times. Collectively, these studies show that safety lead time is a valuable complement to safety
stock, particularly when supply variability dominates, and that the optimal buffering strategy depends

on the interplay of demand characteristics, lead time behaviour, and system cost structures.

2.4. Literature gap analysis
Table 1 synthesizes prior research by mapping the inventory problems addressed, the uncertainties

considered, and the solution approaches adopted.

Table 1:Summary of the literature review

SOLVING ADDRESSED CUSTOM
STUDY INVENTORY PROBLEM
APPROACH UNCERTAINTY LOSS
Mete Ayhan & Kir, (2024) IR PTO with DLM D No
Schmidt & Pibernik, (2024) IR PTO with DLM D No
Demizu et al., (2023) IR PTO with DLM D No
Qi etal,, (2023) IR E2E D; LT No
Oroojlooyjadid et al., (2020) IR E2E D No
Ban et al., (2019) IR PTO with DLM D No
Lin et al., (2022) IR PTO with DLM D No
Pirayesh Neghab et al., (2022) IR E2E D No
Punia et al., (2020) IR E2E D No
van der Haar et al., (2024) IR PTO with DLM D Yes
Huber et al., (2019) IR E2E D No
Clausen & Li, (2022) IR E2E D No
Mete Ayhan & Kir, (2024) IR PTO with DLM D No
Alicke, (2005) Ss AF D No
Herrmann, (2011) SS AF D No
Gudehus, (2006) SS AF D No
Janssens & Ramaekers, (2011) SS Lp D No
Beutel & Minner, (2012) SS LP D No
Chen et al., (2013) IR & SS DES + MILP D No
Prak et al., (2017) SS D No
M. A. O. Louly & Dolgui, (2009) SS MILP LT No
de Armas & Laguna, (2020) SS MIIP + S Y No
Hung & Chang, (1999) SS Lp Y; LT No
Chung et al., (2005) SS NLP D; LT No
Keskin et al., (2015) SS MILP D;Y No
Alecchang, (1985) SS & SLT AF D; LT No
Buzacott & Shanthikumar, (1994) SLT AF D; LT No
Molinder, (1997) SLT HP D; LT No

Ould-Louly & Dolgui, (2004) SLT NLP LT No




Van Kampen et al., (2010) SS & SLT S D; LT

M. A. Louly & Dolgui, (2013) SLT NLP LT No
Silva et al., (2022) SS & SLT S +HP D; LT No
Proposed study IR & SS & SLT PTO with PDLM LT; G Y Yes

IR: Inventory Replenishment, SSO: Safety Stock Optimization; PTO: Predict Then Optimize, E2E: End To End, DLM: Deterministic Lookahead Model, PDLM: Parametrized Deterministic Lookahead
Model; AF: Analytic Formula; LP: Linear Programming; DES: Discrete Event Simulation; MILP: Mixed Integer Linear Programming; NLP: Non-Linear Programming; S: Simulation; HP: Heuristic
Procedure; D: Demand, LT: Lead Time; Y: Yield; C: Cost

The literature shows a clear separation: most studies optimize either replenishment or safety buffers,
rarely both. Replenishment is typically approached through data-driven PTO or E2E methods, yet
these models predominantly address demand uncertainty and generally rely on standard forecasting
losses that cannot reflect the asymmetric cost impact of over- and under-estimation—an important
limitation in inventory contexts. Conversely, safety stock and safety lead time are still largely

determined using traditional formulas, linear programming, or simulation models, which again focus

mainly on demand variability and seldom incorporate additional uncertainties.

A key gap emerging from the literature is the lack of integrated models that jointly optimize
replenishment, safety stock, and safety lead time despite their strong interdependence in practice.
Only a few works, such as Chen et al., (2013) and Silva et al., (2022), address combined buffer
optimisation, but these do not incorporate ML-based forecasting with custom loss functions, nor do
they embed joint buffer design within a data-driven replenishment framework. Moreover, existing
studies seldom consider multiple concurrent sources of uncertainty—such as lead time, cost

variability, and yield—within a unified PTO structure.

This study departs from prior work by introducing a PDLM-based PTO framework that integrates
replenishment decisions with safety stock and safety lead time optimisation, guided by ML models
trained with a tailored custom loss. To our knowledge, it is the first approach to jointly optimize these
decisions while simultaneously accounting for multiple evolving uncertainties (lead time, cost, and
yield). By closing these methodological gaps, the proposed framework advances the state of the art
in data-driven inventory control and offers a comprehensive, adaptive solution for real-world

environments.



3. Material and methods

The following section presents a comprehensive overview of the proposed approach, the experimental
design developed to evaluate its effectiveness, and the experimental setup used to implement and test

the proposed methodology.

3.1. Problem definition
This study addresses a single-item, multi-period inventory control problem under uncertainty in
which replenishment decisions, safety stock, and safety lead time are determined jointly over a finite
planning horizon. The objective is to minimize total inventory-related cost, namely purchasing and
holding costs, while enforcing a no-stockout service policy through feasibility constraints. The main
decision variables are the order quantities to be placed over time, the associated receipt quantities,

and the resulting inventory levels, safety stock and safety lead time.

3.2. Proposed approach
The proposed approach is grounded in the class of PDLM policies, as formalized by Powell, (2022).
In the terminology of sequential decision problems, a DLM computes decisions by optimizing over
a projected future horizon using point forecasts of exogenous information. Let S; denote the system
state at time t, x,the decision, and W, 1.,y the point forecasts of the exogenous information process
Wii1.t4n- Following the deterministic lookahead formulation in Powell (2022), a classical DLM

determines x;through:

t+H
xPM = arg ming, . . Z C(S; x7) (D

=t

where future costs and constraints are evaluated deterministically using the forecasted values of the
exogenous variables. As discussed by Powell, (2022), such deterministic lookahead policies are

widely used in practice for complex resource allocation problems; however, they do not explicitly



address uncertainty or incorporate mechanisms to adjust suboptimal behavior arising from forecast

CITOoT1S.

In contrast, a PDLM enriches the deterministic lookahead by introducing a vector of tunable
parameters 6 that modifies the optimization problem to improve robustness under uncertainty.

Formally, a PDLM is defined as:

xtPDLM (e) = arg minxt:HH C(St:t+H’ Xtt+H» 9) (2)

where the parameter vector 8 € @ alters either the objective function or the constraints of the
lookahead optimization model, thereby shaping the decision policy to better accommodate
uncertainty in the exogenous information process. Powell, (2022) emphasizes that such
parametrization acts as a structured mechanism for incorporating domain-informed adjustments—

such as inventory buffers or lead-time slack—directly into the decision model.

In the present work, the PDLM is instantiated for the inventory control problem by defining 6 =
(Bss, B5.7), where B¢ represents a tunable safety stock level and Og;r a tunable safety lead time.
These parameters directly modify the feasible region of the MILP model: 855 enters the minimum
inventory constraint, while 8,7 shifts the receipt-timing constraints to anticipate uncertainty in
realized lead times. Given their operational role, 8 functions as a policy parameter in the sense of

Powell, (2022) cost-function approximation and PDLA framework.

The optimal parameter vector is obtained through validation-based policy search, again in accordance

with following formulation:

0" = argmingc o E[J(0)] (3)



Where J(0) denotes the realized cost arising from applying the lookahead policy x;(8) over historical
data. This tuning embeds the effect of uncertainty without constructing an explicit stochastic

lookahead.

Figure 1 presents how this PDLM structure is operationalized for joint determination of inventory

replenishment, safety stock optimization, and safety lead time calibration.
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Figure 1: Proposed approach workflow

The proposed approach operates through two sequential phases: an offline learning phase, in which
the model components are built and calibrated, and an online use phase, in which these calibrated

elements are employed to generate operational replenishment decisions.

In the offline phase, historical data on lead time, purchasing cost, and defect rates are collected,
preprocessed, and partitioned into training and validation sets. Forecasting models are trained on the
training set and used to generate predictions over the validation horizon. These forecasts serve as
inputs to the MILP inventory control model, which computes replenishment plans under different

combinations of safety stock and safety lead time. A tuning module then iteratively explores candidate



safety parameter pairs, evaluates the resulting replenishment strategies on the validation set by
simulating their realized performance, and identifies the pair that minimizes total cost. This process
yields calibrated safety stock and safety lead time values together with the trained forecasting models

and the MILP structure that constitute the decision engine.

In the online phase, the forecasting module is retrained on the available historical data to update
predictions for lead time, cost, and defects. These forecasts, combined with the calibrated safety
parameters, are provided to the MILP model to compute replenishment decisions for the operational
horizon. Given the limited complexity of the forecasting models, retraining remains computationally
negligible the majority of industrial setting. However, for longer horizons, scalability can be
maintained by adopting rolling training windows or scheduled updates, and by recalibrating safety
parameters only when structural changes in demand, lead times, or costs are observed. It is important
to clarify that the proposed framework does not constitute a multi-objective optimization problem.
Instead, it is structured as a sequential decision pipeline in which different cost functions are
employed at different stages for distinct purposes. In the forecasting module, loss functions are used
to train predictive models, shaping the statistical properties of the forecasts. In the optimization
module, the MILP objective function determines cost-optimal replenishment decisions based on these
forecasts. Finally, in the tuning module, a validation-based cost function evaluates the realized
performance of these decisions under uncertainty to calibrate safety stock and safety lead time
parameters. These cost functions are therefore not competing objectives but coordinated components

of a unified framework aimed at minimizing overall inventory cost.

Moreover, the proposed approach does not follow an end-to-end differentiable architecture. In line
with the taxonomy discussed in Section 2 and reflected in Table 1, the method is explicitly a PTO
approach. The forecasting module and the MILP optimization module remain sequential and are not
connected through gradients. The term “joint” refers to determining replenishment, safety stock, and

safety lead time within a single PDLM decision structure, with the tunable parameters 8 calibrated



through validation-based policy search, providing an indirect form of feedback without implying end-

to-end learning.

3.2.1Forecasting module

The Catboost model (Dorogush et al., 2018), a gradient boosting tree algorithm model, has been
selected for the forecasting models in charge of predicting the future value of lead time, cost, and
defect rates for future periods. Catboost has emerged as a leading ML technique for various
forecasting applications, consistently demonstrating superior performance in diverse settings due to
its ability to capture complex patterns in data effectively. Its robust performance in time series
prediction tasks has been validated in numerous forecasting competition (Bentéjac et al., 2021; Pan
& Zhang, 2020). In particular, three Catboost models, one for lead time, one for cost, and one for
defect predictions, have been trained to adopt a univariate forecasting approach, relying solely on the
historical values of the target variable to generate predictions. Despite the availability of more
complex multivariate models, univariate approaches have proven highly effective in many practical
scenarios, offering a balance between simplicity and predictive accuracy. This choice enables the
forecasting module to focus on extracting temporal patterns directly related to each target variable

while avoiding the potential noise introduced by additional predictors.

However, while for the CatBoost model adopted to generate purchasing cost predictions, the Root
Mean Squared Error (RMSE) is adopted as a loss function, a custom loss has been instead adopted
for the CatBoost models providing predictions for lead time and quality. Indeed, while errors in
purchasing cost estimation do not have a different inventory cost impact if they overestimate or
underestimate the real value, different cost impacts are instead generated by lead time and quality
predictions if they overestimate or underestimate real values. Underestimating lead time or defect
quantities increases the risk of inventory insufficiency under realized operating conditions, whereas
overestimating them primarily leads to higher holding requirements. The custom loss is therefore

designed to reflect the asymmetric operational consequences of forecasting errors and to bias



predictions toward safer replenishment decisions. For this reason, traditional RMSE loss, which,
according to Equation 4, does not allow weight forecasting error based on the fact that they are over-
estimating or underestimating the predicted metric, has been preferred for purchasing price

predictions:

4
SV (5 — 902 )

N

RMSE =

On the contrary, a problem-specific custom loss introduced in Equation 5 is adopted to better capture

the imbalance nature of forecasting error in the problem of predicting lead time and quality:

.
N — $5.)2
Cholding 21‘:1()};[ yt) lf Ve > },}t
CUSTOM LOSS = < (5)
N —%.)2
sztockout Zt:l(y}i] Ye) if y. <9,

In both Equation 4 and 5, y; and J; respectively represent the true value and the forecasted value at
time t and N is the length of the training set provided to the model. However, in Equation 5, the
introduction of the parameters C"°!4"9 and CSto¢koUtcan be adopted to represent the relative impact
of overestimation (holding-related effects) and underestimation (stockout-related effects). The
asymmetry parameters are not arbitrary hyper-parameters, but are defined to reflect the same
economic asymmetry underlying the inventory problem: underestimation leads to shortage-related
risks, whereas overestimation mainly increases holding-related effects. While these weights are
aligned with the asymmetric operational consequences of underestimation and overestimation, they
are not imposed to be numerically identical to the MILP cost coefficients, as the loss is defined in
physical units whereas the inventory objective is monetary and multi-period. Therefore, the loss is

cost-aligned rather than cost-identical. It is important to emphasize that this custom loss is not



intended as a methodological innovation per se, but rather as a practical mechanism to ensure that the
forecasting module is aligned with the asymmetric operational consequences considered in the overall
decision framework. The contribution of this work lies in the integration of this cost-aligned
forecasting component within the proposed PDLM framework—connecting forecast bias shaping,
multi-variable prediction, and the Bayesian tuning of safety stock and safety lead time for the first

time in a PTO setting—rather than in the loss function alone.

3.2.2 Inventory control module

This subsection presents the inventory control module adopted in the proposed framework. For
clarity, the presentation is organized as follows: Section 3.2.2.1 introduces the model assumptions,
Section 3.2.2.2 reports the notation, and Section 3.2.2.3 provides the mathematical formulation of the

model.

3.2.2.1 Model assumption
The inventory control module has been formulated as a MILP model. The following assumptions

define the operational scope of formulation:

Demand is predetermined based on a rolling horizon planning approach and an MRP

explosion of component requirements derived from the production schedule.

e Purchasing costs increase linearly with the ordered quantity, with no quantity discounts.

e Variable holding cost increases linearly with the quantity of inventory held and the duration
of storage across periods.

e Fixed per-order costs are assumed negligible in the considered setting, where ordering is
largely automated and such costs are effectively embedded in unit purchase prices.

This assumption defines the boundary of applicability of the model. In settings where setup costs,

minimum order quantities, or batch production are relevant, the problem becomes a more general

lot-sizing formulation, which can be incorporated by extending the MILP with standard fixed-

cost and capacity constraints..



3.2.2.2 Notation

The sets, parameters, and decision variables used in the MILP formulation are summarized in Table

2.

Table 2: Inventory model sets, parameters and variables

TYPE TERM DESCRIPTION DOMAIN
T Time periods teT
Feasible order periods with arrivals inside _
Sets gord {(T €Tt + flea®ime + 65,7 < T)}
horizon
Jric Receipt periods {(teT|Fr € T4t = 7 + fleadtime 4 g )}
Forecasted unitary ordering cost in period t
c_ord R
fe >0
[euro/items]
fleadtime Forecasted lead time in period t [periods] Zs
Dy Demand in period t [items] Zsy
ftdef ect Forecasted defect in period t [items] Zso
Parameters

cholding Unitary holding cost [euro/(items*periods)] Rso
Iy Initial inventory level [items] Zsy
Oss Tuned value of safety stock [items] Zso
Osir Tuned value of safety lead time [periods] Y/
OLS Order Lot Size [items] Zsq
yord Number of lots ordered at time t [items] Lo
Variables yrie Received lots at time t [items] Zso
I Inventory level at time t [items] Zsy

3.2.2.3 Mathematical formulation:

Using the notation introduced in Table 2, the inventory control problem is formulated as follows.

The objective function to minimize is reported in Equation 6:

7 = ftc_ord % ytord * OLS + cholding I; (6)

o~
||M~1
[y



According to Equation (6), the objective function aims to minimize the overall cost related to the
forecasted ordering and holding costs by adjusting the ordered quantity and inventory level in each
planning period. Because service protection is enforced through feasibility constraints, shortage costs
do not appear in the nominal objective. This formulation reflects settings where stockouts are
prevented by design and should be distinguished from the policy-calibration stage, where realized
costs—including stockout penalties—are used to evaluate the impact of forecast errors and assess the

robustness of the resulting policy under uncertainty.

The main constraints of the model are represented by Equations (7) to (11):

I, = I_y + y[™*OLS — D, — fet VteT (7)
Iy = Ogg VteT\t, (8)

yr€ « OLS = y°™@ + OLS V (t,7) € {(r,T + fleadtime 4 g .|t € TOT4)} (9)

yric =0 VteT\TTe (10)

yrie, yord I, € g VteT (11)

Equation (7) ensures that the ending inventory in each period is determined by the previous period’s
inventory plus the quantity received (adjusted by the order lot size) minus the demand and the
defective units in the current period. For the first period, the initial inventory /; is used. In contrast,
for subsequent periods, the previous period’s inventory I,_; carries forward. Equation (8) constraint
enforces a minimum inventory level equal to the tuned safety stock values at the end of each period,
serving as a buffer against uncertainties in lead time and yield. The formulation adopts a service-
constrained perspective in which shortages are not explicitly modeled through backorders or lost-
sales variables. Instead, inventory is constrained to remain non-negative and above the safety stock
threshold in each period. This modeling choice reflects operational contexts in which stockouts are
considered unacceptable and must be prevented by design. Consequently, the optimization problem

minimizes procurement and holding costs subject to a no-shortage service requirement, rather than



explicitly pricing shortage costs in the objective function. Equations (9) and (10) regulate the timing
consistency between orders and receipts. To formalize this, we introduce two index sets
T07 and T, 70745 the set of order periods whose arrivals fall within the planning horizon, while
T is the corresponding set of receipt periods. Equation (9) ensures that for every feasible order
period t € T7°7%, the receipt in its associated arrival period t = 7 + fleedtime 4 g, . matches the
quantity ordered. Equation (10) complements this by enforcing that receipts in all other periods—
those not in T"—must be zero. Together, these two constraints guarantee a consistent and
unambiguous mapping between order placement and receipt, removing any ambiguity about time

shifts or lead-time indexing. Finally, Equation (11) specifies the domain of all decision variables.

3.2.3 Safety stock and safety lead time tuning module

A Bayesian algorithm is proposed to tune the safety stock and lead time values. Bayesian optimization
offers several advantages when dealing with complex, expensive-to-evaluate functions (Imani et al.,
2022). Using a probabilistic surrogate model, often a Gaussian Process, selects new candidate points
based on exploitation and exploration, thereby reducing the number of costly evaluations. It does not
rely on gradient information, which facilitates its application to non-differentiable or discontinuous
functions. The method systematically and intelligently navigates the design space, typically reaching

a global optimum more efficiently than random or grid search methods.

The search domain of the tuning procedure is restricted to non-negative values for both safety stock
and safety lead time, as these parameters represent protective inventory and time buffers. Negative
values would not correspond to operationally meaningful buffering policies and are therefore

excluded from the feasible policy space.

Iteration by iteration, the Bayesian algorithm proposes candidate values for safety stock and lead
time, refining these based on observed outcomes. This process aims to minimize discrepancies
between the optimization model’s ordering decisions and the realizations affected by forecast

inaccuracies. Formally, at each iteration, the Bayesian approach evaluates an objective function



measuring the error associated with the ordering decision, guiding the selection of new candidate
points that systematically improve upon previous solutions and converge toward optimal safety
parameters. Specifically, at each iteration, the Bayesian approach evaluated the objective function

described by Equation (12):

T

Z Cé)rder % ygrd % OLS + cholding , It+,val + cStockout It—.val (12)
t=1

Where c?"#¢" is the real cost of ordering a specific component in period t, which can be different
from £5°" and I;"** = max(l,,0) and I;"* = max(—I,0) are respectively the positive and
negative parts of the realized inventory position generated in period t over the validation set.
Therefore, I, val represents on-hand inventory subject to holding cost, whereas I, val represents
inventory shortfall subject to stockout cost. This evaluation formulation differs from the nominal
MILP objective, as it incorporates stockout costs to quantify the economic impact of potential service
violations under realized conditions. This distinction enables a robustness-oriented calibration of

safety parameters. The realized inventory position I7* is computed according to the Equation (13):

7% = 1P + yp ot - ppet — Qp (13)

Where I7%is the true inventory at time t-1 in the validation dataset, y”*"' is the true quantity arrived

at time t based on the quantity ordered from the optimization module and considering the real lead

time required for its arrival in the validation dataset, DY* is the true demand occurring at time t in

the validation dataset and QY%

is the true number of defective component with quality problems
observed in period t in the validation dataset. To ensure a well-defined initialization of the evaluation
procedure, the system state at period t=1 is set equal to the actual observed inventory position at the

beginning of the validation horizon. This initialization is consistently applied across all candidate

parameter configurations and benchmark methods.



3.3. Experimental design
Several benchmarks have been tested against the proposed approach to evaluate its capability to
generate cost-effective decisions. In particular, we refer to the following benchmarks: Oracle
Approach, Naive Moving Average (NMA) Approach, Autoregressive Integrated Moving Average

(ARIMA) Approach, Catboost Approach, and Formula Based (FB) Approach.

The Oracle Approach has been designed to resemble the decision-making capability of a decision-
maker with perfect knowledge of the future. In this approach, safety stock and safety lead time are
thus not required as the inventory replenishment decision is made assuming that the decision maker
has perfect knowledge of the future lead time cost and defective quantity. The results generated by

the Oracle Approach thus represent an ideal lower cost bound.

Instead, the NMA and ARIMA approaches follow the same approach reported in Figure 1. However,
the NMA Approach adopt as a forecasting algorithm to estimate future lead time, cost and defect a
Naive Moving Average model, while the ARIMA Approach generates predictions relying on the
ARIMA algorithm. These benchmarks have been selected to understand the impact of different
forecasting technologies within our proposed approach. Indeed, the comparison allows us to
understand if and how much the adoption of more advanced ML forecasting technology can result in
better accuracy and inventory costs. This information can be fundamental for industrial practitioners
to evaluate the effectiveness of relying on new technology, which, however, requires skilled

personnel and investment in both computational infrastructure and training plans.

The CatBoost approach, which uses the same forecasting algorithm as outlined in Section 3 but is
consistently trained with the traditional RMSE loss function, was instead selected to assess the

effectiveness of the proposed custom loss function.

Lastly, to evaluate the effectiveness of the proposed data-driven strategy for safety stock and lead
time optimization, a final benchmark model has been designed to investigate the cost efficiency of

the proposed safety stock and lead time determination method. Specifically, while the proposed



approach relies on the Bayesian algorithm to iteratively test, simulate and find the best safety stock
and safety lead time value, the FB follow the same step reported in the proposed approach with the
difference, however that the safety stock dimensioning step is done recurring the traditional analytic

formulation (Gongalves et al., 2020) reported in Equation (14):

1
SS = z\/LT* 02 + D26 (19

Where z is the service level factor obtained from the standard normal distribution corresponding to
the desired probability of not stocking out, D is the average demand, 6pis the standard deviation of
demand, LT is the average lead time, and 8,1 is the standard deviation of lead time. Although this
formulation is derived under stylized assumptions, it is widely used in practice as a reference rule for
safety stock dimensioning. For this reason, it is adopted in this study as a benchmark to represent a
commonly implemented approach in industrial settings. This allows us to evaluate the proposed
method against an established baseline and to highlight the benefits of integrating multiple sources

of uncertainty within a unified data-driven framework.

Considering these benchmarks, several metrics have been computed to provide an effective

comparison. First, the difference ATC between the proposed approach cost TCP7°Ps¢d and a
benchmark approach cost TCP?émchmark has been computed according to Equations (15):
TCproposed _ chenchmark (15)
ATC = - £100
TC enchmark

Where TCPToPosed and T CPenchmark has been computed according to Equations (16) and (17):

T
i +,proposed —,proposed
Tcproposed — E C?rder % yijroposed * OLS + Choldmg % It prop + Cstockout * It prop (]6)
t=1
T
chenchmark — E C(t)rder % y?enchmark * OLS + Cholding % I:—,benchmark + Cstockout " It—,benchmark (17)

t=1



Here, I;P7°P%%¢® and [}P¢ denote the positive part of the inventory position generated at time

t by the ordering decisions derived, respectively, from the proposed approach (y”"°P°**?) and the
benchmark approach (y2¢"<"marky when considering the real lead time and defective quantity

manifested over the test set. Conversely, I, ?7°P**® and 17Pe"M™MaTk denote the corresponding
negative part of the inventory position, representing inventory shortfall. Formally, for any inventory
level I,, the positive and negative parts are defined as I}t = max(l;,0) and I; = max(—I,0).
Therefore I captures on-hand inventory subject to holding cost, whereas I captures shortage

magnitude subject to stockout cost.

Secondly, the predictive accuracy of the different forecasting algorithms (CatBoost with custom loss,
CatBoost, Naive Moving Average, ARIMA) has been compared considering traditional regression
accuracy metrics like the Mean Error (ME), the Mean Absolute Error (MAE), Root Mean Squared
Error (RMSE) and Symmetric Mean Absolute Percentage Error (SMAPE) to understand the impact
that the forecasting accuracy could has on the final cost. Specifically, the observed predictive

accuracy metrics have been computed as follows:

IV > (18)

ME = — Y, -7,

N =1 t t
MAE = —2 A (19)

t= 1

1N , (20)

RMSE = —z Y

N t=1( t)

— Yl (21)

SMAPE = 2 —_—
N =1 Yt + Yt
2

Where Y, is the true historical value of the predicted metric at time t and ¥, is the value predicted, and

N is the length of the test set.



All performance comparisons in this study—inventory cost differences across forecasting models,
and cost differences across safety-parameters methods—were evaluated using the Wilcoxon signed-
rank test. This choice reflects the structure of the data: each component provides paired observations
(e.g., the cost produced by two methods under identical conditions), and the distributions of these
paired differences are non-normal. The Wilcoxon test therefore provides an appropriate, distribution-
free procedure for assessing whether the median difference between two methods differs significantly
from zero. To complement hypothesis testing, Cliff’s delta was computed as a non-parametric effect
size. It indicates the probability that the proposed approach outperforms (or underperforms) a
benchmark and quantifies the practical magnitude of the observed differences. Values near zero
indicate negligible effects, whereas values closer to +1 indicate strong directional differences.
Specifically, a value of +1 means the proposed approach outperforms the benchmark for all
components, whereas —1 means the benchmark outperforms the proposed method for all components;
values near zero indicate negligible differences. Because multiple comparisons were conducted
across metrics and benchmark methods, p-values were adjusted using the Holm—Bonferroni
procedure, which controls the family-wise error rate while retaining more statistical power than
traditional Bonferroni correction. In this context, a statistically significant adjusted p-value (a.= 0.05)
indicates that the observed performance differences are unlikely to be attributable to random
variation. Together, this framework ensures a rigorous, consistent, and interpretable assessment of all

statistical comparisons conducted in the study.

Lastly, the computational time required to train the forecasting models, optimize the safety stock and
safety lead time, and solve the inventory replenishment problem has been computed to understand

the balance between inventory performance and computational time required by the approaches.

3.4. Experimental set up

The experimental setup for evaluating the new proposed data-driven inventory control approach

involved a systematic collection and analysis of real-world data, a structured data partitioning



strategy, and the reliance on widely adopted computational packages for the forecasting, optimization,

and tuning to ensure the validity and reproducibility of the results.

The dataset was sourced from a reputable automotive company, ensuring its relevance and reliability.
It included daily detailed records for 94 carefully selected components over four years, chosen to be
highly representative of the company's broader inventory. With key variables such as defect rates,
lead times, and costs, the dataset provides a strong foundation for testing the proposed approach

across a diverse range of inventory management scenarios.

To prepare the experiments, the dataset was split into three distinct subsets based on chronological
order: training (from 2021-01-01 to 2023-01-01), validation (from 2023-01-01 to 2023-10-31), and
test (from 2023-10-31 to 2024-08-31) datasets. The training set was used to train the forecasting
models, establishing their ability to predict lead times, costs, and defect rates. The validation set was
employed to fine-tune the safety stock and safety lead time, ensuring that the model's parameters were
optimized to balance costs and service levels effectively. Finally, the test set served as an independent
evaluation dataset, enabling an objective assessment of the proposed model's performance in unseen
scenarios against the benchmarks described in Section 3.3. A summary statistic of the data adopted
for the experiments is reported in Table 3, where the min, mean, max, standard deviation, and
quantiles of components' order lot size is reported and the lead time, purchasing cost, and defect are

computed separately for the training (Tr), validation (Va) and test set (Te).

Table 3: Dataset description

ORDER LEAD TIME COST DEFECT
STATISTICS

LOT SIZE Tr Val Te Tr Val Te Tr Val Te
Average Mean 58 46,52 43,68 43,15 68,38 70,08 69,98 0,02 0,00 0,02
Average Dev std 3.0 9,00 1,77 6,72 4,00 3,45 3,46 0,06 0,06 0,40
Average Min 1 17,86 24,64 24,93 36,42 39,93 39,84 0,00 0,00 0,00
Average Q1 3 42,51 42,52 42,55 68,31 69,98 69,94 0,02 0,00 0,00
Average Q2 6 43,23 43,13 42,62 68,76 69,98 69,98 0,02 0,00 0,00
Average Q3 9 45,98 44,10 43,24 68,77 69,99 69,99 0,02 0,00 0,00

Average Max 10 79,89 50,22 47,58 73,33 72,67 70,39 1,46 1,09 6,97




The computational experiments were conducted on a machine with the following specifications:
Intel(R) Core(TM) i9-10900 CPU @ 2.80GHz (2.81 GHz), 64.0 GB of RAM (63.8 GB usable),
running a 64-bit operating system based on x64 architecture. The system was powered by Windows
10 Pro, version 22H2. The code was developed using Python and Darts; Pyomo and Optuna libraries
were adopted, respectively, to develop the forecasting, optimization, and tuning models. Lastly, the
hyperparameter adopted respectively for the CatBoost, ARIMA, and NMA forecasting models and
for the Bayesian algorithm adopted in the safety stock and safety lead time tuning phase are reported
in Table 4. On the other hand, the hyperparameter related to the Bayesian algorithm has been selected
recurring to the elbow method (Racolte et al., 2022) to guarantee optimal results balancing at the

same time computational cost.

Table 4: Hyperparameter values adopted for the forecasting and the tuning models

MODEL HYPERPARAMETER HYPERPARAMETER VALUE
NMA Window 5
P 1-5
ARIMA D 0-2
Q 0-2
Input chunk length 5
N estimators 100
CatBoost Leaming rate 0.1
Max depth No limit
Num leaves 31
Bayesian Optimization N trials 20

Safety stock analytical formulation z 95%




4. Results

This Section provides the results of the experimental design built relying on the real automotive data
described in Section 3.43.44. First, the results of the comparison between the cost generated by the
decisions reported by the proposed approach and the decisions reported by a perfect decision maker
(Oracle approach) are reported. Then, a comparison between the cost generated by the proposed
approach and the approach guided by different forecasting technologies (NMA Approach, ARIMA
Approach, and CatBoost Approach) is presented. Afterward, the difference between the cost
generated from the proposed approach and the cost generated when safety stocks are computed
relying on a formula-based Approach is analyzed. Lastly, the average computational costs required

by the proposed and the benchmarks to solve the inventory problem are summarized.

4.1. Benchmarking against a perfect decision-maker
Figure 2 illustrates the distribution of cost differences generated over the 94 examined components
between the total ordering and inventory costs obtained following the proposed approach and those
generated by the Oracle Approach. As previously described in Section 3.33, the Oracle Approach
assume perfect knowledge of the future lead time, cost, and defect rates and thus the resulting cost
represent the total inventory lower bound cost. The histogram and boxplot thus provide a detailed

view of how closely the cost realized by the proposed approach are to the minimum obtainable ones.
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Figure 2: Distribution of the cost difference between the Proposed approach and the Oracle approach

The histogram indicates that a substantial share of components exhibits relatively contained cost
differences between the proposed approach and the Oracle benchmark. In particular, around one
quarter of the components show differences below 13%, and the median value of approximately 26%
confirms that, for most items, the proposed strategy achieves outcomes that remain reasonably close
to the ideal decisions of a perfect-information planner. The boxplot further highlights that the central
portion of the distribution is compact, with limited dispersion around the median. Although a small
number of components display higher deviations—reflected by an extended upper tail—these cases
represent isolated situations rather than the general trend and are likely associated with items whose

behaviors is inherently more difficult to predict or manage.



4.2. Comparing the effectiveness of different forecasting technologies for the proposed

approach
Figure 3 presents a histogram and a boxplot summarizing the effect of replacing the proposed
forecasting component, namely CatBoost trained with the custom loss function, with alternative
forecasting algorithms: NMA, ARIMA, and CatBoost trained with a traditional loss function. The
comparison is performed within the same inventory-control framework, thus isolating the effect of
the forecasting model on total ordering and inventory costs. The x-axis reports the percentage cost
difference between the proposed approach and the corresponding benchmark-based variant. Under
this convention, negative values indicate cases in which the proposed approach achieves lower total
cost, whereas positive values indicate cases in which the benchmark forecasting model achieves lower
cost. The y-axis reports the percentage of components in each cost-difference interval. The overlaid
kernel-density curves summarize the empirical distributions..
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Figure 3: Distribution of the cost difference between the proposed approach and the same approach when guided by different

forecasting algorithms



According to Figure 3, the distributions associated with NMA and ARIMA are shifted toward
negative values, indicating that replacing the proposed forecasting component with these classical
methods generally leads to higher total inventory costs. These descriptive patterns are confirmed by

the statistical analysis in Table 5..

Table 5: Statistical significance of forecasting model choiche on generated inventory cost

Examined N Cliff
P value Significant Difference
Comparison Samples delta
Proposed VS NMA 94 0,4 0,000043 True
Proposed VS ARIMA 94 0,5 0,000002 True
Proposed VS CatBoost 94 0,1 0,567799 False

The comparisons with NMA and ARIMA both show statistically significant differences, with Cliff’s
delta values between 0.40 and 0.50, demonstrating that the proposed forecasting model produces
lower inventory costs for most components. This supports the value of the proposed forecasting
design relative to classical time-series benchmarks. The comparison with standard CatBoost is more
balanced. Its distribution contains observations on both sides of zero and is centered close to the no-
difference region, although the median lies slightly on the negative side. This indicates that the
proposed custom-loss CatBoost provides lower or equal cost for a substantial share of components,
while standard CatBoost performs better for others. Consistently, the difference between the proposed
approach and standard CatBoost is not statistically significant in Table 5. Therefore, Figure 3 should
not be interpreted as showing a general advantage of the traditional CatBoost-based strategy. Rather,
it shows that the two CatBoost-based variants perform similarly overall, while the custom-loss
formulation yields cost reductions for specific components located on the negative side of the
distribution. These components correspond to cases in which realized inventory cost is more sensitive
to the forecasting-loss specification. In this sense, Figure 3 provides an ablation analysis of the

proposed framework, highlighting both the contribution of ML-based forecasting relative to classical



benchmarks and the component-level effect of aligning forecasting loss with inventory-cost

asymmetry.

To note that these cost observations align with the forecasting accuracy distribution reported in Figure
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Figure 4: Forecasting accuracy distribution of the different analyzed forecasting algorithms for each considered target variable
according to different accuracy metrics
An analysis of the error distributions across the forecasting models highlights how the proposed
approach behaves differently than the benchmarks. For lead time and price, median errors across all
models remain close, confirming that the proposed method retains solid predictive accuracy despite
adopting a loss function that prioritizes operational cost asymmetry rather than pure point precision.
This naturally yields a slightly broader error spread for the proposed model, but this behavior is
consistent with its design objective: to guide inventory decisions rather than optimise classical

statistical error metrics. For defect forecasting, the plots show that the proposed model tends to



introduce a controlled positive bias, whereas the other methods collapse near zero. This reflects a
purposeful advantage of the custom loss: by slightly overestimating defect quantities, the model
systematically reduces the risk of under-protection, which is far more costly in inventory settings than
mild over-protection. Thus, what appears as “higher error” under classical metrics actually translates

into safer and more cost-effective decisions.

4.3 Benchmarking the effectiveness of the proposed safety stock dimensioning method against
a traditional analytical safety stock dimensioning model

Figure 5 reports the distribution of the cost difference generated between the proposed approach when

guided with the safety stock and lead time tuning module, which is reported in Section 3.2.3, and the

traditional safety stock analytical formula reported in Section 3.33.
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Figure 5: Distribution of the cost difference between the proposed approach and the same approach when guided by different safety
stock dimensioning methods
The histogram shows that most components exhibit negative cost differences, confirming that the
proposed approach generally achieves lower inventory costs than the traditional formula-based
method. The distribution is centered below zero, and the highest concentration of observations lies in
this cost-saving region. Although some variability is present, the extended left tail highlights those
components for which the proposed tuning mechanism delivers substantial additional reductions
relative to the analytic formula. These visual patterns are supported by the statistical evidence in

Table 6.



Table 6: Statistical significance of safety stock and safety lead time computation over inventory cost

Examined N Cliff Significant
P value
Comparison Samples delta Difference
Proposed VS Formula based 94 0,3 0,00003 True

The comparison yields a statistically significant difference, with a Cliff’s delta of 0.3, indicating that
the proposed method outperforms the formula-based approach for a clear majority of components.
Overall, the results demonstrate that the safety stock and safety lead time tuning module provides

consistently superior cost performance compared to traditional analytic dimensioning.

4.4 Benchmarking the computational cost of the different approaches

Table 7 compares the average computational time required by the proposed approach and three
benchmark strategies over the 94 observed components. The table provides a detailed breakdown of
the computational time associated with each process step, including forecasting model training, safety

stock and lead time dimensioning, inventory control optimization, and the overall computational time.

Table 7: Comparison of the average computational time of the proposed and benchmark approach for the observed components

Average Average
Average overall
Average forecasting safety stock and lead  inventory control
Approach computational time
training time [s] time dimensioning optimization time
[s]
time[s] [s]
Proposed approach 6.4 600 20 626.4
CatBoost approach 3.2 600 20 623.2
ARIMA approach 2.5 600 20 622.5
NMA approach 1.4 600 20 6214

Formula based approach 3.2 1 20 24.2




According to the table, the proposed approach requires 626.4 seconds, with most of the time allocated
to safety stock and lead time dimensioning. Forecasting model training contributes only 6.4 seconds,
and inventory control optimization accounts for 20 seconds. The benchmark approaches exhibit
comparable computational times for safety stock and lead time dimensioning and inventory control
optimization. Specifically, the NMA Approach has an overall computational time of 621.4, the
ARIMA Approach takes 623.2 seconds and the approach based on traditional CatBoost takes 623.2
s. In contrast, the Formula-based approach shows a substantially lower overall computational time of
only 24.2 seconds. This efficiency stems from the minimal time required for safety stock
dimensioning while maintaining the same inventory control optimization time of 20 seconds as the
other approaches. However, this significant reduction in computational time comes at the cost of
reduced effect, as detailed in previous sections. The results in Table 7 highlight the balance between

computational efficiency and methodological robustness.



5. Managerial Insight

The empirical findings derived from the real automotive case study provide several actionable
implications for industrial practice. The following insights summarize the most relevant managerial

lessons emerging from the analysis.

Insight 1: Joint optimization of replenishment, safety stock, and safety lead time can improve
cost performance, with benefits varying across components. The results indicate that integrating
safety stock and safety lead time tuning within the replenishment optimization process can lead to
improved cost performance, although the magnitude of the benefit is not uniform across all
components. In particular, the comparison with the traditional analytical formula shows a median cost
reduction of approximately 4%, with larger improvements observed for a subset of components
(exceeding 23%). These findings suggest that treating safety buffers as decision variables, rather than
fixed parameters, allows the system to better adapt to variability in lead time and defect rates.
However, the gains are context-dependent and more pronounced for components characterized by
higher uncertainty or operational relevance. For managers, this implies that integrated decision
frameworks can be particularly valuable in targeted applications, rather than universally replacing

simpler formula-based approaches.

Insight 2: Forecast bias aligned with cost asymmetry can enhance economic performance, even

when statistical accuracy is comparable.

The results suggest that aligning forecasting behavior with the asymmetric cost structure of inventory
systems can enhance economic performance, even when traditional accuracy metrics (e.g., SMAPE,
RMSE) are comparable across models. Although the proposed forecasting model is not consistently
more accurate in statistical terms, the adoption of a custom loss introduces a controlled positive bias
in lead time and defect predictions, which contributes to more cost-effective decisions. Empirically,
replacing this model with NMA or ARIMA leads to cost increases of approximately 9%—12% for

most components, while differences with standard CatBoost remain limited and not statistically



significant. These findings indicate that shaping forecast errors in a cost-consistent direction can
provide tangible operational benefits, particularly by reducing exposure to high-impact stockouts,
whose costs typically outweigh incremental holding costs. While the magnitude of this effect varies
across components, the results consistently show that incorporating cost asymmetry into the
forecasting process can improve decision quality. For managers, this highlights the importance of
complementing statistical accuracy metrics with an evaluation of the economic consequences of
forecast errors as suggested also in Kourentzes et al., (2020), especially in contexts where

underestimation carries significant risk.

Insight 3: Data-driven decision-making can achieve near-optimal outcomes without requiring
perfect information. Comparison against a hypothetical perfect decision-maker (Oracle Approach)
shows that more than 50% of components exhibit a cost deviation below 26%, with 25% of
components remaining within 12% of the optimal benchmark. These results demonstrate that
organizations can achieve near-optimal performance with realistic data quality and without needing
perfect information about future lead times, costs, or defect rates. For managers, this reinforces the
value of deploying data-driven inventory systems even when forecasting noise and variability are

unavoidable.

Insight 4: Computationally intensive tuning is justified for high-impact components, suggesting
a tiered implementation strategy. The proposed method requires approximately 626 seconds per
component—primarily driven by the Bayesian tuning process—while simpler benchmarks require
621-623 seconds, and formula-based approaches only 24 seconds. Despite this, the economic benefits
observed in Sections 4.1-4.3 justify the computational investment for components where stockout or
holding costs are substantial. A selective deployment strategy is therefore recommended: use the full
proposed approach for high-value, high-variability, or safety-critical items, and employ simpler
formula-based methods for stable or low-cost components. This targeted application ensures cost-

efficiency while maintaining high performance where it matters most.



Insight 5: Forecasting, safety parameter tuning, and optimization should be treated as an
integrated decision pipeline rather than independent tasks. The study highlights that the
performance gains of the proposed method do not arise from any individual module alone but from
the interaction between accurate (and intentionally biased) forecasts, data-driven safety buffer
calibration, and MILP-based replenishment optimization. Traditional processes often segment these
activities—forecasting, then safety stock definition, then ordering decisions—Ileading to suboptimal
outcomes. Managers should therefore transition toward integrated workflows that explicitly couple
forecasting characteristics with safety parameter tuning and optimization, enabling more coherent

and cost-effective decision-making across the inventory planning horizon.

Overall, these insights emphasize that effective inventory management in uncertain environments
requires integrated, data-driven decision processes that jointly align forecasting behaviors, safety

parameter calibration, and optimization logic to achieve consistently superior cost performance.

6. Conclusions

Effective inventory management requires jointly deciding when to order, how much to order, and
how to set safety stock and safety lead time. This study proposed an ML-based Parametrized
Deterministic Lookahead Model that integrates replenishment optimization with safety stock and
safety lead time calibration, while accounting for time-varying purchasing costs, lead times, and

defect rates through tailored forecasting models.

The experimental results on 94 relevant automotive components show that the proposed approach
generates cost outcomes close to those of a perfect decision-maker, with cost differences below 26%
for most components. The analysis also shows that forecasting model choice materially affects cost
performance: replacing the proposed forecasting component with NMA, ARIMA, or CatBoost
trained with traditional loss leads to higher inventory costs. These gains do not stem from uniformly

better statistical accuracy, but from a better alignment between forecast behavior and the asymmetric



operational consequences of forecast errors. In addition, the proposed safety stock and safety lead
time tuning module outperforms the traditional analytical benchmark, with a median cost

improvement of about 4%.

These results support the value of integrating forecasting, safety-parameter tuning, and replenishment
optimization within a single decision framework. At the same time, the higher computational burden
suggests that the full approach is especially suitable for critical components, while simpler methods

may remain preferable for less relevant items.

Although the proposed approach demonstrates solid performance and provides valuable managerial
insights, several limitations must be acknowledged. First, the computational intensity of the
framework—particularly the iterative tuning of safety stock and safety lead time—represents a key
limitation. As discussed in Section 4.4, the overall computational burden is largely dominated by this
dimensioning phase, while performance differences across forecasting-based approaches remain
marginal. Although the method is tractable for medium-scale applications or high-value components,
this characteristic may hinder scalability in large-scale settings involving thousands of SKUs.
Improving the efficiency of the safety parameter tuning process is therefore a critical area for further
development. Promising directions include surrogate-assisted optimization, adaptive or reduced
search spaces, and hybrid heuristic—optimization strategies aimed at accelerating convergence while
preserving solution quality. Second, the approach relies on historical data to train forecasting models
and calibrate safety parameters. In highly volatile or structurally evolving environments, historical
patterns may not adequately capture emerging dynamics, potentially reducing the robustness of both
predictions and subsequent optimization outcomes. Extending the framework to incorporate real-time
data streams, adaptive learning mechanisms, and concept drift detection techniques represents a
promising avenue to enhance performance in dynamic contexts. Third, the empirical evaluation is
based on a single real-world dataset from an automotive company characterized by medium-to-long

procurement lead times (approximately 40 days). Under such conditions, the demand aggregated over



lead time is reasonably approximated by a Gaussian distribution, which may partially favor classical
assumptions embedded in inventory control logic. Consequently, the findings may not directly
generalize to environments with significantly shorter lead times, where demand over lead time may
exhibit stronger intermittency, skewness, or heavy-tailed behavior. The performance and robustness
of the proposed framework under such conditions remain to be systematically assessed. Finally, while
the dataset is rich and representative of a complex industrial setting, it does not fully capture the
diversity of supply chain environments across industries. Broader empirical validation—such as
multi-industry case studies, cross-company datasets, and controlled simulation experiments—would

strengthen the external validity and generalizability of the results.

Future research should therefore focus on (i) improving the computational efficiency of the safety
parameter tuning phase, (ii) extending the framework toward adaptive and real-time learning settings,
and (iii) systematically evaluating performance under alternative demand-lead time regimes,
particularly in short lead time contexts with non-Gaussian and heavy-tailed demand distributions.
These developments would further enhance the scalability, robustness, and practical applicability of

the proposed methodology in complex and data-rich supply chain environments.
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