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Abstract

Background: Spare parts distribution networks (DNs) play a strategic role in retailers’ prof-
itability. Among DN configuration decisions, selecting the optimal stock deployment
policy—centralised, decentralised, or hybrid inventory allocation across distribution cen-
tres (DCs)—critically affects service levels and logistics costs. This decision becomes more
complex with additive manufacturing (AM) as an alternative to conventional manufac-
turing (CM). While AM enables production with shorter lead times, its higher costs alter
stock deployment cost-effectiveness. Given the complexity of joint stock deployment and
manufacturing decisions, retailers require decision support systems (DSSs). Methods: To
address this need, we develop a DSS through a three-step methodology: (i) a mathematical
model evaluates logistics costs across different stock deployment policies and manufac-
turing technologies; (ii) parametric analysis tests the model across 2000 realistic scenarios;
(iii) Random Forest trained on this dataset predicts optimal solutions, with SHapley Ad-
ditive exPlanations (SHAP) interpreting post hoc recommendations. Results: The DSS
achieves 93.4% prediction accuracy—outperforming (+16.4%) the only comparable liter-
ature DSS (77%)—while explaining recommendations. SHAP reveals that AM and CM
unit costs dominate decision-making, followed by backorder costs. Conclusions: Beyond
individual spare parts recommendations, the DSS provides guidelines enabling retailers to
maintain cost-effective DNs aligned with evolving customer needs and to plan valuable
investments in AM.

Keywords: spare parts distribution; stock allocation; 3D printing; mathematical modelling;
machine learning; interpretable artificial intelligence; SHapley Additive exPlanations

1. Introduction
Over the past decade, intensifying market competition and shorter time-to-market

expectations have elevated the strategic role of logistics in driving the profitability of spare
parts distribution networks (DNs) [1]. In response, spare parts retailers have focused on
improving logistics performance, with DN configuration optimisation emerging as a critical
success factor [2]. A well-configured DN contributes to maintaining high service levels and
supply chain responsiveness (ensuring that the right spare parts are delivered at the right
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place and time), while minimising logistics costs [3,4] and supporting broader strategic
goals such as capital efficiency [5], sustainability [6], and customer satisfaction [7].

Configuring a spare part DN involves making several decisions, including the number
and location of distribution centres (DCs), the deployment of stock across DCs, and the
inventory control policies [8]. Among these decisions, this study focuses on the choice of the
stock deployment policy, as it has been reported as particularly crucial for spare parts retail-
ers [9]. Choosing the optimal stock deployment policy involves determining how inventory
should be allocated across DCs to meet customer demand [10], with three main options
available: centralised, decentralised, or hybrid. A centralised policy consolidates inventory
into a single DC serving all customers, leveraging ‘risk-pooling’ effects to reduce holding
and ordering costs [11] but at the expense of higher transportation costs and longer delivery
times [12]. Conversely, a decentralised stock deployment policy distributes stock across
multiple DCs, each serving local customers [13]. This policy enhances DN responsiveness
and reduces transportation costs by positioning inventory closer to end users, but increases
holding and ordering costs since multiple DCs are replenished [14]. Finally, hybrid sock
deployment policies seek a balance between centralisation and decentralisation [15].

Despite its importance, stock deployment remains a complex decision for spare parts
retailers due to several challenges. First, each stock deployment policy entails trade-offs
among competing cost items (purchasing, ordering, holding, transportation, and backorder
costs) [16,17]. Second, the stock deployment decision for each stock keeping unit (SKU)
depends on many interrelated variables, such as the number and location of customers,
their average demand, the unit costs for holding inventories, etc. [18,19]. These interactions
become even more challenging when accounting for specific spare parts features, such as
highly unpredictable demand and stringent service level requirements [4]. Third, given
the inherent volatility in spare parts demand [19,20], stock deployment decisions should
not be made once but periodically re-evaluated to adapt to market shifts [16,21]. Finally,
as the last but most disruptive challenge, additive manufacturing (AM) is emerging as a
breakthrough production technology capable of replacing conventional manufacturing
(CM) and fundamentally reshaping stock deployment decisions [22]. AM enables on-
site, on-demand production of spare parts with shorter lead times than CM. Hence, AM
can dramatically reduce inventory levels, altering the cost-effectiveness of different stock
deployment policies [23]. However, AM typically incurs higher unit production costs
compared to CM [24], complicating the decision-making process around the optimal
combination of manufacturing technology and stock deployment for each SKU.

To navigate these challenges and unlock AM’s potential, spare parts retailers require
decision support systems (DSSs) capable of identifying, for each SKU, the most cost-
effective combination of stock deployment policy (centralised, decentralised, or hybrid)
and manufacturing technology (AM or CM) [25]. However, existing research falls short in
two ways. First, while several mathematical programming models have supported stock
deployment decisions for CM spare parts [26] (as better detailed in Section 2), studies incor-
porating AM remain scarce and largely qualitative [27]. Second, even when mathematical
models exist, they typically require solving a set of equations to reach optimal solutions,
resulting in DSSs that may not be accessible for spare parts retailers without advanced
mathematical and computational skills [18]. This double gap in the literature hinders both
stock deployment optimisation [14,28] and the broader adoption of AM as a transformative
manufacturing technology in spare parts DNs.

To the best of the authors’ knowledge, the only attempt to develop a DSS that jointly
addresses stock deployment and manufacturing technology decisions in spare parts DNs
has been proposed by Cantini et al. [29]. Their DSS—structured as a decision tree to ensure
ease of use and interpretation—leverages machine learning (ML) to recommend the most
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cost-effective option among centralised, decentralised, or hybrid DNs, combined with either
AM or CM for spare parts production. Although this DSS represents an important step
forward, its reliability remains questionable: the decision tree achieves only 77% prediction
accuracy, reflecting the acknowledged limitations of this ML model [30,31].

A promising alternative for developing a DSS that combines ease of use and interpre-
tation with high accuracy lies in the joint use of more accurate ML models (e.g., Random
Forest, Artificial Neural Networks, XGBoost, etc.) and Explainable Artificial Intelligence
(XAI) [32,33]. This combined approach offers the following advantages. ML models like
Random Forest, Artificial Neural Networks, etc., can deliver higher accuracy when recom-
mending DN choices [34,35] by capturing the interactions among variables that influence
stock deployment and manufacturing technology decisions. However, these ML models
function as ‘black boxes’ [36], offering no visibility into the internal logic that connects input
decision variables to output recommendations. Therefore, XAI techniques (e.g., SHapley
Additive exPlanations—SHAP, Local Interpretable Model-agnostic Explanations—LIME,
etc.) can provide ‘post hoc’ visual explanations of the rationale behind black box recom-
mendations, thereby making the DSS both user-friendly and interpretable.

Despite the potential of this combined approach, no existing studies have applied
ML together with post hoc XAI to spare parts stock deployment decision-making (as de-
tailed in Section 2 and Appendix A). This represents a critical research gap: spare parts
retailers currently lack DSSs that simultaneously achieve (i) high prediction accuracy
necessary for reliable operational decisions, (ii) interpretability necessary for building
manager trust and facilitating organisational adoption, and (iii) accessibility for practition-
ers without advanced technical expertise. While existing research has developed either
accurate but opaque models or interpretable but unreliable ones (77% accuracy [29]), no
prior work has successfully integrated black box ML models with XAI to bridge this
accuracy-interpretability trade-off in the context of joint stock deployment and manufactur-
ing technology decisions. This gap exposes retailers to unnecessary costs from suboptimal
stock deployment policies or missed opportunities from conservative manufacturing tech-
nology adoption strategies. To address this gap and meet the needs of spare parts retailers,
this study investigates the following research question (RQ):

• How can ML and post hoc XAI support joint decisions on stock deployment and
manufacturing technology in spare parts DNs?

In addressing this RQ, this study aims to propose a more accurate yet fully inter-
pretable XAI-based DSS to guide joint decisions on stock deployment and manufacturing
technology in spare parts DNs. The proposed DSS combines the performance strengths of
Random Forest (to identify the optimal stock deployment and manufacturing technology
for different SKUs) with the explanatory capabilities of SHAP (a well-known XAI model
used to clarify the rationale behind Random Forest recommendations and make the DSS
user-friendly and interpretable).

The remainder of the present paper is organised as follows: Section 2 overviews the lit-
erature behind this study. Section 3 details the materials and methodology, first introducing
the decision-making problem (Section 3.1), and then outlining the three-step methodology
to address it (Section 3.2). Specifically, Section 3.2.1 presents the literature-based math-
ematical model used as a foundation to navigate stock deployment and manufacturing
technology decisions in spare parts DNs, Section 3.2.2 describes the dataset employed to
train the Random Forest model, and Section 3.2.3 illustrates the combined use of Random
Forest and SHAP to develop the DSS. Section 4 shows the resulting DSS. Finally, Section 5
discusses the findings and concludes the study.
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2. Theoretical Background
2.1. Stock Deployment Decisions in Spare Parts DNs

To guide stock deployment decisions in DNs, the literature proposes three families
of methods: optimisation, simulation, and heuristics [37]. The first and most established
family relies on optimisation, using mathematical programming models to support stock
deployment choices by optimising objective functions under given constraints. A seminal
example is Sherbrooke’s METRIC model [38], which minimises expected backorders while
determining stock levels and centralisation versus decentralisation decisions in multi-SKU,
multi-echelon DNs. METRIC has been widely extended over time, as exemplified by
refs. [39–41]. Moreover, many additional optimisation models have been developed to
support stock deployment decisions under varying assumptions, as reviewed by Ding
and Kaminsky [42]: with null or non-null lead time [43], with or without backlogs [44],
over infinite or finite horizons [45], with or without lateral transshipments [46], etc. More
recent contributions include Shen et al.’s [26] joint location-inventory model, Fathi et al. [7]
queuing-stochastic optimisation approach supported by hybrid genetic algorithms, and
Tapia-Ubeda et al.’s [4] optimisation model specifically tailored to spare parts DNs (unlike
previous works that target general DNs).

Despite this extensive body of literature, optimisation-based models for supporting
stock deployment decisions present two limitations. First, they are predominantly designed
for CM spare parts, offering limited insights into how AM affects deployment decisions.
Although the potential of AM to reshape spare parts DNs has been recognised conceptually
(as exemplified by [23,27]), existing studies remain largely qualitative and do not deliver
actionable, data-driven DSSs [29]. Second, many optimisation models rely on NP-hard
formulations, requiring advanced mathematical and computational skills often unavailable
to firms (particularly small and medium-sized enterprises) [18]. Acknowledging this
limitation, several works [47–49] have repeatedly called for more accessible, user-friendly
DSSs for stock deployment in spare parts DNs.

To answer this call, simplified optimisation methods based on approximate analyt-
ical models or algorithms have been developed [50,51]. These approaches speed up the
solution of NP-hard problems but yield only near-optimal results and cannot guaran-
tee exact optimality [44]. Accepting a near-optimal solution, the literature has explored
other families of methods to support stock deployment decisions, namely simulation and
heuristics. Simulation enables ‘what-if’ comparisons of centralised, decentralised, and
hybrid stock deployment policies (e.g., [52,53]). However, they are often time-consuming,
computationally demanding, and difficult to update in dynamic DNs requiring frequent
adjustments [47]. Conversely, heuristics emerge as a practical alternative, using spare
parts classification techniques [54,55] or big data analytics and ML [47,56] to guide stock
deployment decisions.

Although heuristics offer promising foundations for building accessible and user-
friendly DSSs for stock deployment, existing studies apply them only to compare cen-
tralised, decentralised, or hybrid policies, without examining the influence of AM versus
CM spare parts on these decisions. To the best of the authors’ knowledge, only three studies
have attempted to quantitatively support integrated decisions on spare parts manufactur-
ing (AM or CM) and stock deployment (centralised, decentralised, or hybrid) [29,57,58].
The first two studies ([57,58]) consider only centralised and decentralised DNs, overlook-
ing hybrid stock deployment policies. Moreover, they rely on case-specific simulation
models, making their findings context-dependent and not easily generalisable. In contrast,
Cantini et al. [29] introduced the first heuristic DSS capable of addressing combined stock
deployment and manufacturing technology decisions for generic spare parts DNs. Their
DSS is implemented as a decision tree developed through a three-step process. First, a
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mathematical model was created to evaluate total logistic costs across alternative stock
deployment policies (centralised, decentralised, or hybrid) and spare parts manufacturing
technologies (AM or CM). Second, the mathematical model was subjected to a parametric
analysis to simulate thousands of case studies, generating a dataset of optimisation out-
comes. Third, this dataset was used to train an ML model—specifically a decision tree—that
captured the correlations among influential variables and combined recommendations for
stock deployment and manufacturing technologies. Because decision trees are “ante-hoc
interpretable” models, the resulting DSS is inherently intuitive and easy to understand [59]:
users simply navigate its branches and answer a few questions to obtain the recommended
stock deployment and manufacturing solutions.

However, the DSS by Cantini et al. [29] exhibits a critical drawback: an accuracy
of only 77%, which may compromise spare parts retailers’ trust in the recommended
stock deployment policies and manufacturing technologies. This limited performance
reflects a well-known weakness of decision trees, which, despite their interpretability,
generally achieve lower accuracy than other ML models (e.g., Random Forests, Neural
Networks, XGBoost) [60]. As a result, the DSS may be insufficiently reliable for high-stakes
maintenance and spare parts management decisions.

2.2. XAI in Spare Parts Management

As introduced in Section 1, a promising approach for developing a DSS that combines
ease of use and interpretability with accurate performance is the integration of ML models
like Random Forest, which generally outperforms decision trees but functions as a ‘black
box’, with post hoc XAI [32].

Although post hoc XAI applications have recently expanded across various domains—
including quality control [61], maintenance [62], and IoT-enabled operations [63]—their
adoption in spare parts management remains nascent. As a matter of fact, performing a
systematic Scopus search on 14 November 2025, using the query (TITLE-ABS-KEY (“spare
part*”) AND TITLE-ABS-KEY (“explainab* artificial intelligence” OR “explainab* ai” OR
“interpretab* AI” OR “interpretab* artificial intelligence”)), returned only 3 papers, none of
which address stock deployment or AM–CM technology decisions. Specifically, ref. [62]
applies counterfactual analysis for XAI-based predictive maintenance; ref. [64] uses SHAP
for condition monitoring and prognostics in nuclear power plants; and ref. [65] employs
SHAP to explain ML predictions of spare parts’ remaining useful life.

Even broadening the scope of the query from XAI to general AI yielded only 14 papers
(including [29], mentioned in Section 2.1), none of which use post hoc interpretability
for ML predictions: (TITLE-ABS-KEY (“spare part*”) AND TITLE-ABS-KEY (“additive
manufactur*” OR “3D print*” OR “3-D print*” OR “rapid manufactur*”) AND TITLE-ABS-
KEY (“machine learning” OR “deep learning” OR “artificial intelligence”)). Appendix A
further corroborates this gap by showing that, despite the growing application of ML in
spare parts management, no existing studies have combined ML with XAI to support stock
deployment and manufacturing technology decisions. Finally, a recent literature review
by Presciuttini et al. [66] confirms this gap, noting that XAI applications in operations
and manufacturing are limited, with no documented use in spare parts stock deployment
decisions. This absence is striking, given the high-stakes nature of spare parts decisions,
where retailers must balance complex cost trade-offs while ensuring adequate maintenance
service levels [67].

Based on the findings of Section 2, practitioners face an unsatisfactory choice: either
rely on interpretable but relatively inaccurate DSSs (e.g., decision trees) or adopt more accu-
rate yet opaque (black box) DSSs that offer no insight into their decision-making rationale.
A combined use of accurate ML models and post hoc XAI techniques offers a promising
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solution to this dilemma. High-performance ML models like Random Forests can capture
the complex, non-linear interactions that drive stock deployment and manufacturing tech-
nology decisions [62], suggesting accurate but opaque recommendations to spare parts
retailers. Next, XAI post hoc interpretations can make these ML models transparent and
trustworthy [68]. Despite this potential, no existing study has applied such an integrated
approach to spare parts stock deployment and manufacturing technology decisions. The
present paper aims to fill this gap by proposing a novel DSS.

3. Materials and Methodology
3.1. Decision-Making Problem Description

Let us consider a spare parts DN with the typical three-tier structure described by
refs. [4,26]. The first tier consists of suppliers that provide spare parts for the second tier.
The second tier includes DCs managed by retailers, where products are temporarily stored
before being delivered to the third tier. Finally, the third tier consists of customers whose
demand must be satisfied. Assuming a three-tier structure for the DN does not limit the
generalizability of this work, as it can easily be extended to multi-tier DNs by treating the
supplier of one DN as the customer of another [42,69].

Within the three-tier DN, and in line with the literature [4,70], the joint decision
problem of stock deployment policies and manufacturing technologies for spare parts
can be formulated as follows. The objective is to compare the total costs of centralised,
decentralised, and hybrid DNs where both AM and CM can be considered for spare
parts production. Each SKU is assigned to the most cost-effective combination of stock
deployment and manufacturing technology that also satisfies predefined service levels.

Regarding stock deployment policies (i), according to refs. [9,10], they can be distin-
guished through a parameter called ‘degree of centralisation’ (Degi). Degi ranges from
0 to 1, where 0 is decentralisation, 1 is centralisation, and intermediate values represent
hybrid stock deployment policies. As expressed in Equation (1), Degi is determined by
the ratio between the number of DCs (DCi) that can serve customer demand and the total
number of customers to be served (N). In this work, we focus on comparing five stock
deployment policies (i = 1, 2, 3, 4, 5), including one centralised, one decentralised, and
three hybrid options (as schematically illustrated in Figure 1 for an example company with
eight customers). This choice is made to enable direct comparison with the only literature
study addressing combined stock deployment and manufacturing technology decisions
in spare parts DNs [29]. Nevertheless, the present study can be extended to other stock
deployment policies since the mathematical equations provided in Section 3.2.1 are general
enough to accommodate any value of Degi.

Degi =

1, i f i = 5 (centralisation)

1 − DCi
N , else

(1)

On top of the five stock deployment policies considered, since spare parts can be
produced through two manufacturing technologies (j = AM or CM), this work aims to
support companies in identifying the most cost-effective alternative among the ten listed in
Figure 2.

3.2. Three-Step Methodology

To address the above problem, this work follows the three-step methodology sum-
marised in Figure 3, derived by integrating insights from two seminal studies [29,71].

In Step 1, the mathematical model by [29] served as the foundation for training the DSS.
Although this mathematical model associates individual SKUs with the most cost-effective
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combination of stock deployment and manufacturing technology, it requires solving equa-
tions that (as discussed in Section 1) may not be accessible for spare parts retailers lacking
advanced mathematical or computational skills. Therefore, while this mathematical model
provided the theoretical basis for the DSS, it was not directly considered as the DSS itself.

Figure 1. Five stock deployment policies were investigated (depicted for an example company with
eight customers).

 
Figure 2. Ten combinations of stock deployment policies (i) and manufacturing options (j) are
investigated here.

 
Figure 3. A three-step methodology was followed in this work [29,71].

In Step 2, following ref. [29], a parametric analysis was performed to test the math-
ematical model on a sample of realistic case studies (i.e., scenarios of spare parts DNs
with different demand, costs, service level requirements, etc.). For each scenario, the
mathematical model determined the optimal combination of stock deployment policy and
manufacturing technology, generating a comprehensive dataset of inputs (i.e., spare parts
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DN scenarios) and corresponding optimal solutions (i.e., cost-effective combinations of
stock deployment policies and manufacturing options). The scenarios for the parametric
analysis were intentionally developed following the same procedure as ref. [29] to obtain
a similar dataset and be allowed to compare our DSS with the one already existing in
the literature (see Section 2). To refine the obtained dataset, following both refs. [29,71],
an analysis of variance (ANOVA) was employed to select the variables that significantly
influenced the mathematical model outcomes while excluding the negligible ones.

Finally, in Step 3, following ref. [71], the refined dataset was used to feed a Random
Forest model aimed at suggesting the optimal combination of stock deployment and
manufacturing technology for different spare parts DNs. To ensure a user-friendly and
interpretable DSS, SHAP was applied post hoc to explain the logic underlying Random
Forest recommendations, thereby ‘opening the black box’.

Below, each step of the proposed methodology is explained in a dedicated sub-section.

3.2.1. Step 1: Mathematical Modelling for Stock Deployment and Manufacturing
Technology Decisions

As discussed in Section 2.1, Cantini et al. [29] presented the only prior study addressing
joint stock deployment and manufacturing technology decisions in spare parts DNs. Their
work introduced a mathematical model to assist retailers in choosing among centralised,
decentralised, or hybrid DNs for spare parts produced via AM or CM. This mathematical
model is taken as the starting point of this study for two reasons. First, it is well-suited
to accomplishing Step 1 of the methodology outlined in Figure 3. Second, using the
same model enables a direct comparison between the DSS developed here and the one
already available in the literature. Before delving into the model formulation, it is worth
noting that the methodology proposed in this work (Figure 3) is not strictly dependent
on the mathematical model by Cantini et al. [29]. It can also be applied to other, possibly
more advanced formulations (i.e., with fewer simplifying assumptions), should these be
developed in the future.

Below, we summarise the formulation of the mathematical model proposed by ref. [29],
which relies on the notation reported in Table 1. In all equations, the index i denotes the
stock deployment policy under consideration (Figure 1), while j is a binary index identifying
the manufacturing technology used to produce the SKU, AM or CM. While we provide
an overview of this reference model, the reader is referred to ref. [29] for a more detailed
description of its equations, as an in-depth analysis lies beyond the scope of this study.

The considered mathematical model supports joint stock deployment and manufactur-
ing technology decisions within a single-period (one-year), single-product setting. In other
words, each SKU is analysed individually and assigned to the alternative in Figure 2 that
meets predefined service levels while minimising the total (annual) logistic distribution cost
(CTOTi,j ). This problem translates into solving the objective function in Equation (2), which
aims to identify the minimum CTOTi,j among those associated with the ten combinations of
stock deployment policies and manufacturing technologies in Figure 2. Once the minimum
CTOTi,j is determined, the model returns the corresponding values of i and j, thereby recom-
mending the most cost-effective solution for the considered SKU. As clarified in Equation
(3), CTOTi,j is the sum of several cost items, including the cost for purchasing stocks from
suppliers (CPi,j, Equation (4)), the inventory holding cost (CHi,j, Equation (5)), the ordering
cost for replenishing DCs (COi,j, Equation (6)), the backorder cost (CBi,j, Equation (7)), and
the transportation cost for delivering products to customers (CTi,j, Equation (8)).

min
[
CTOTi,j

]
f or i = 1, 2, . . . , 5 and j = AM, CM, (2)

CTOTi,j = CPi,j + CHi,j + COi,j + CBi,j + CTi,j , (3)
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where
CPi,j = cj·Di·DCi, (4)

CHi,j = h·cj·
(Qi,j

2
+ SSi,j

)
·DCi, (5)

COi = o·Noi,j ·DCi, (6)

CBi,j = b·Nbi
·DCi, (7)

CTi,j = eti·Di·DCi, (8)

The cost items in Equations (4)–(8) can be derived from Equations (9)–(16), which are
valid under the following assumptions (substantiated by scientific literature): (i) Spare
parts are purchased from external suppliers (not produced in-house). The purchasing cost
of the SKU (CPi,j ) includes all costs incurred by suppliers, comprising production costs,
quality control costs, fixed costs of AM/CM equipment, costs related to the digitalisation
of AM items (converting 2D drawings into 3D designs), and the profit margins required by
suppliers [72]. (ii) Suppliers’ lead time is deterministic and depends on the SKU, not on the
geographical location of DCs [73]. (iii) As already stated at the beginning of this Section,
the analysis is conducted over a one-year time horizon and adopts a single-item approach,
whereby the most cost-effective stock deployment and manufacturing technology are
selected independently for each SKU [3,50]. (iv) No capacity constraints are considered for
suppliers’ warehouses or retailers’ DCs [4]. Consequently, each facility can store inventory
without space limitations. (v) Customer demand is stochastic and follows a Poisson
distribution, which is typical for spare parts [3,74]. (vi) For a given stock deployment
policy, the annual demand of all customers is evenly distributed among DCs. (vii) A
continuous (RP, Q) inventory policy is used to control inventories at DCs [7,75,76], where
RP is the reorder point, Q is the optimal order quantity. Moreover, SSi,j are the safety stocks
corresponding to the smallest value that satisfies Equation (16), thus compensating for
demand fluctuations and preventing stock-outs at least to ensure the desired service level.
The (RP, Q) inventory policy is selected in accordance with [7,76], who recommend its use
for managing spare parts with stochastic demand and deterministic lead time. (viii) Lateral
transshipments between DCs are not allowed [73,77]. (ix) Reverse logistics (i.e., the repair
and reuse of broken spare parts) is not considered, as suggested by [78], because this study
does not focus on sustainability issues in DNs, but rather on the selection of cost-effective
stock deployment policies and manufacturing technologies for spare parts. (x) The same
type of vehicle is used to transport products in all stock deployment policies, with a unit
transportation cost assumed to be constant per kilometre [76]. Moreover, transportation
costs in decentralised DNs are considered negligible, as each decentralised DC is supposed
to be close to the customer it serves. (xi) Only one spare part is shipped per trip. This
assumption is reasonable given that spare parts demand follows a Poisson distribution,
also known as the law of rare events. (xii) No fixed costs for purchasing or renting DCs are
considered, as retailers already own these facilities and the decision problem focuses on
determining in which DCs the SKUs should be allocated [79]. (xiii) SKUs are assumed to be
producible using both AM and CM in order to enable the comparative analysis presented
in this paper. However, if certain parts cannot be produced via AM (as noted in [78]), the
considered mathematical model remains applicable by restricting the comparison to the
alternatives with j = CM in Figure 2. Methods for identifying spare parts suitable for AM
are provided in the literature [80,81].

Di =
D·N
DCi

, (9)
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DCi =

{
1, i f i = 5

[(1 − Degi)·N]+, else
, (10)

Noi,j =
Di
Qi,j

, (11)

Nbi
= [(1 − SL)·Di]

+, (12)

eti =

{
etcentral , i f i = 5

(0.7644 ∗ Deg2
i + 0.2009 ∗ Degi + 0.0161 )·etcentral , else

, (13)

Qi,j =

√
2·Di·o

h·cj
, (14)

RPi,j = Di·lj + SSi,j, (15)

1 − ∑
SSi,j−1
n=0

[(
Di·lj

)n

n!
·e−(Di ·lj)

]
≥ (1 − SL), (16)

Table 1. List of notations adopted in the mathematical model.

Indexes Description Unit Measure

i Considered stock deployment policy. i assumes integer values between 1 and 5
according to Figure 1. -

j Manufacturing technology of the purchased spare parts. j can be AM or CM. -

Input Parameters Description Unit Measure

Degi
Degree of centralisation associated with the stock deployment policy i.

According to Figure 1, it ranges between 0 and 1. -

SL
Service level pre-established for the specific SKU. It represents the fill rate,

calculated as the ratio between the number of demands satisfied on time and the
total demands received for that SKU.

-

D Average annual demand emitted by one customer for the SKU. units/time
N Total number of customers served by the DN. -
b Unitary backorder cost of the considered SKU. €/backorder

lj
Average procurement lead time needed by the supplier to deliver the

j-th SKU to DCs. time

cj Unitary cost of purchasing the j-th SKU from the supplier. €/unit
o Cost of issuing one stock replenishment order. €/order
h Annual holding cost rate for keeping inventory of the SKU in a DC. time−1

etcentral
Unitary transportation cost to deliver the SKU from the central DC to customers.

It only refers to the centralised stock deployment policy (i = 5). €/trasportation

Support Variables Description Unit Measure

Qi,j Optimal order quantity of the SKU in each DC. units
RPi,j Reorder point associated with the SKU in each DC. units
SSi Safety stocks of the SKU in each DC. units
DCi Total number of DCs in the DN. -

Di
Total annual demand received by an individual DC for the specific SKU under
consideration. It depends on the total number of customers served by the DC. units/time

eti Unitary transportation cost to deliver to SKU from a DC to customers. €/trasportation
Nbi Average number of annual backorders for the SKU in a DC. backorders/time
Noi,j Average number of annual orders issued for the SKU in a DC. orders/time

Decision Variables (Cost Items) Description Unit Measure

CTOTi,j
Total (annual) logistic cost of the DN considering a specific combination of stock

deployment policy (i) and manufacturing technology (j) for the j-th SKU. €/time

CPi,j Annual purchase cost for the SKU. €/time
CHi,j Annual holding cost for the SKU. €/time
COi,j Annual ordering cost for the SKU. €/time
CBi,j Annual backorder cost for the SKU. €/time
CTi,j Annual transportation cost for the SKU. €/time
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3.2.2. Step 2: Dataset Aggregation and Preprocessing Through Parametric Analysis and
Feature Selection

In Step 2 of the methodology (Figure 3), a parametric analysis was conducted to test the
mathematical model across realistic case studies (i.e., DN scenarios varying in spare parts
demand, costs, service levels, etc.). The scenarios for the parametric analysis were generated
following the same procedure as in ref. [29], namely by assigning Sobol quasi-random
values to the independent input parameters of the mathematical model (see Table 1). The
only exceptions were Degi, which already had predefined values (see Figure 1), and o
and h, which were fixed at 5 €/order and 25% of the SKU purchase cost (cj), respectively.
According to Equation (17), the Sobol quasi-random low-discrepancy sequence was used
to vary input parameters (par) and assign them uniformly distributed values within the
ranges specified in Table 2. As reported by refs. [82,83], in Equation (17), K denotes the total
number of values assigned to each input parameter, and k represents a specific generated
value. P indicates the total number of input parameters in the mathematical model, while
p refers to the specific input parameter to which a Sobol value (parpk) is assigned. Spk

is the Sobol sequence, and llp and ulp denote the lower and upper bounds defining the
admissible range of the input parameter (Table 2).

The parameter ranges (i.e., llp and ulp in Table 2) were selected to balance two ob-
jectives: ensuring a realistic representation of spare parts DN scenarios and enabling
comprehensive exploration of the decision space. Each range is grounded in prior empirical
research, as documented in the last column of Table 2. Moreover, adopting identical ranges,
Cantini et al. [29] enabled direct comparison with existing literature, ensuring that any
performance differences between our DSS and the existing decision tree-based DSS reflect
algorithmic improvements rather than artefacts of different training data.

The Sobol quasi-random low-discrepancy sequence was chosen to generate DN sce-
narios because, as highlighted by [84], when dealing with problems involving numerous
input parameters, it offers a sampling strategy that explores the design space (i.e., the
space of admissible input parameter combinations) more uniformly than other sequences
(e.g., discrete sampling, Latin Hypercube, or Monte Carlo). Nevertheless, the validity of the
proposed methodology remains preserved if alternative sampling strategies are employed.

parpk = llp + Spk·
(
ulp − llp

)
with p = 1, . . . , P and k = 1, . . . , K, (17)

For each generated scenario, the mathematical model was applied to determine the
optimal combination of stock deployment policy (i = 1 − 5 in Figure 1) and manufacturing
technology (j = AM or CM), out of the ten combinations of Figure 2. This resulted in the
generation of a dataset of 2000 realistic case studies described by inputs (i.e., spare parts
DN scenarios) and the corresponding optimal solutions (i.e., cost-effective combinations of
stock deployment policies and manufacturing options).

Table 2. Ranges of Sobol values allowed for each input parameter.

Input Parameters Range of Admissible Values Unit Measure Literature References

N integers between 5 and 100 - [4,20,29]
SL floats between 0.85 and 0.99 - [3,4,29]
D integers between 1 and 7 units/year [29,85]
b floats between 1000 and 100,000 €/backorder [29,86]

lAM integers between 1 and 4 weeks [24,29,85]
lCM integers between 4 and 26 weeks [24,29,85]
cAM floats between 100 and 2500 €/unit [29,85]
cCM floats between 10 and 2500 €/unit [29,85]

etcentral floats between 100 and 2000 €/transportation [25,29]
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As suggested by refs. [29,71], an ANOVA was performed to refine the dataset by
identifying which input parameters significantly influence the optimal stock deployment
and manufacturing technology decisions. The objective was to determine whether all input
parameters of the mathematical model (Table 1) had a significant impact on the model
output (i.e., suggestion of the optimal combination of stock deployment and manufacturing
technology) or whether some parameters exhibited negligible effects. Accordingly, the
ANOVA supported both model parsimony (by eliminating non-influential variables) and
practical guidance for retailers by distinguishing critical operational variables from those
that can be approximated without loss of decision quality.

The ANOVA was conducted following the same procedure established in ref. [29].
The input parameters listed in the first column of Table 2 were treated as independent
input factors, while the optimal combinations of stock deployment and manufacturing
option generated by the mathematical model for the different DN scenarios were used as
categorical responses. Consistent with the findings in ref. [29], six parameters were found
to have a statistically significant influence on the decision outcomes (N, D, b, cAM, cCM,
and etcentral), whereas three parameters (SL, lAM, and lCM) showed negligible effects. Since
our results confirmed pre-existing literature, to avoid redundancy, readers are referred to
ref. [29] for a more detailed discussion of the ANOVA outcomes. Here, we only summarise
the main results relevant to this study.

Among the influential parameters, the unit transportation cost under centralised DNs
(etcentral) emerged as a strong influential factor, driving the trade-off between inventory
aggregation (i.e., centralisation) and customer proximity (i.e., decentralisation). Also,
the unit costs of AM and CM parts (cAM and cCM) emerged as highly influential, and
this reflects that AM and CM cost competitiveness directly affects both the technology
selection and the feasibility of degrees of centralisation. Similarly, the backorder cost
(b) showed statistically significant effects on the decision-making problem, revealing the
service-responsiveness trade-off in DNs. Finally, demand-related parameters (N and D)
exhibited non-negligible effects, indicating that market and demand size shape both stock
deployment and manufacturing choices, as they determine whether sufficient volume
exists to justify investments in distributed capacity.

Conversely, SL, lAM, and lCM showed negligible impacts on the outcomes of the mathe-
matical model within the tested ranges (Table 2). In fact, service level requirements (SL) are
already captured through economically weighted backorder penalties (b), making the SL
parameter redundant. Similarly, AM’s lead time advantage over CM is already embedded
in the technology choice variable (j), making lAM, and lCM redundant without adding ex-
planatory power. Based on these ANOVA results, the variables with a negligible effect were
excluded from the dataset. Conversely, the remaining input parameters (with a significant
influence) were retained. The refined dataset (available in the Supplementary Materials)
served as the input for training the DSS, as described below.

3.2.3. Step 3: DSS Development Through Random Forest Training and SHAP
Interpretation

In Step 3 of the methodology (Figure 3), the DSS was developed through two sequential
subtasks. First, a Random Forest model was trained using the dataset obtained from Step 2.
Then, the Random Forest recommendations on stock deployment and manufacturing
technology were explained post hoc to enhance their user-friendliness and interpretability.

As anticipated, the Random Forest was selected as the ML model because, as reported
by refs. [87,88], it employs an ensemble of decision trees to suggest the class to which
an instance belongs (in this case, the optimal combination of stock deployment policy
and manufacturing technology among the ten alternatives in Figure 2) based on a set of
features (namely, the input parameters characterising each DN scenario and showing a
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non-negligible impact on the mathematical model). Owing to its ensemble nature, Ran-
dom Forest is well-suited to capturing complex interactions among variables and typically
outperforms single decision trees by reducing overfitting and improving generalisation
through the random selection of both data samples and features during tree construc-
tion [60]. Following refs. [24,89], Random Forest was employed as a classification model
and trained on the full dataset generated in Step 2 to capture the effects of input features on
stock deployment and manufacturing technology decisions across different DN scenarios.

The Random Forest was trained using hyperparameters determined through a syn-
thesis of preliminary empirical testing and established best practices for classification [90].
Specifically, we employed the Gini impurity as the criterion for node splitting. The forest
was composed of 100 estimators to ensure a trade-off between classification performance
and computational overhead. No explicit constraint was placed on the maximum tree
depth, as the dataset size (2000 observations) was not excessively large to incur overfit-
ting risks. Moreover, deeper trees capture high-order interactions among DN parameters.
Furthermore, the minimum samples per split were maintained at the default value of
two, enabling the detection of fine-grained patterns in the data while preventing excessive
leaf fragmentation.

The Random Forest performance was evaluated in terms of accuracy, computed (ac-
cording to Equation (18)) as the ratio between the number of correct recommendations
consistent with the mathematical model results (NcrRF) and the total number of recommen-
dations corresponding to the initial dataset size (NtrRF). In addition, a confusion matrix
was generated to break down the true and false positive classifications. Table 3 reports the
results of the training process, highlighting correctly classified DN scenarios along the bold
diagonal of the matrix. According to Table 3, 1867 DN scenarios were correctly classified
by the Random Forest, with only 133 misclassifications. This resulted in an accuracy of
93.4%, confirming improved performance compared to the 77.0% accuracy of the decision
tree-based DSS proposed by ref. [29].

ARF =
NcrRF
NtrRF

(18)

Table 3. Confusion matrix associated with the trained Random Forest.

Recommended Label Out of the Ten Combinations (i,j) in Figure 2

1 2 3 4 5 6 7 8 9 10

Tr
ue

La
be

lO
ut

of
th

e
Te

n
C

om
bi

na
ti

on
s

(i
,j)

in
Fi

gu
re

2

1 213 0 0 16 0 3 0 1 0 0

2 0 10 0 0 0 0 2 0 0 0

3 0 0 120 0 17 0 7 0 0 0

4 18 0 0 757 0 13 0 2 0 0

5 0 2 14 0 617 0 5 0 1 0

6 0 0 0 7 0 76 0 3 0 0

7 0 3 2 0 8 0 40 0 1 0

8 0 0 0 3 0 1 0 27 0 0

9 0 1 0 0 1 0 1 0 7 0

10 0 0 0 1 0 0 0 0 0 0

Unlike decision trees, the Random Forest functions as a black box, producing accurate
recommendations on stock deployment and manufacturing technology without explicitly
revealing the reasoning behind them. To make the DSS more user-friendly and interpretable,
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SHAP was employed to provide post hoc explanations of Random Forest recommenda-
tions. SHAP was selected as the XAI model because it enhances both global and local
interpretability through ‘SHAP values’, which quantify the contribution of each feature
(i.e., input parameter) to the Random Forest recommendations [91,92]. Specifically, ‘SHAP
summary plots’ visualise the average impact of each feature across all observations (i.e., DN
scenarios), while ‘SHAP waterfall plots’ enable a local analysis by highlighting the specific
contribution of individual features to the recommendation for a single observation [68].
This combination of global and local perspectives allows spare parts retailers to interpret
the DSS recommendations at both macro and micro levels, improving transparency of stock
deployment and manufacturing technology decisions generated by the Random Forest.
Overall, the joint use of the Random Forest (to recommend the optimal alternative among
the ten in Figure 2) and SHAP plots (to interpret the underlying rationale) results in an
accurate and interpretable DSS.

4. Results
This section presents the DSS, which integrates Random Forest recommendations with

SHAP-based visual interpretations.
Concerning Random Forest, it has already been described in Section 3.2.3, detail-

ing its inputs, outputs, and performance metrics. In practice, retailers can consult the
Random Forest by providing it with the input parameters listed in Table 1 (each filled
with values representing the specific characteristics of their DN). Based on these inputs,
Random Forest recommends the most cost-effective combination of stock deployment
policies and manufacturing options (among the ten alternatives in Figure 2), ensuring a
prediction accuracy of 93.4% (a + 16.4% improvement over the decision-tree-based DSS
of [29]). While this performance improvement may appear as a technical metric, its man-
agerial implications are substantial. When the DSS incorrectly recommends a suboptimal
combination of stock deployment policy and manufacturing technology, retailers incur
unnecessary logistics costs relative to the truly optimal solution. Our Random Forest-based
DSS generates 133 misclassifications (6.6% error rate), compared to 460 misclassifications
(23.0% error rate) produced by the literature DSS [29], resulting in 327 fewer erroneous
recommendations across the 2000-scenario dataset. To quantify the economic impact, we ex-
amined the cost differentials between recommended and optimal solutions for misclassified
cases, finding that our DSS produces an average cost penalty of €3008 per misclassification
(with a standard deviation of ±€229). For the sake of comparability, this same average
penalty was assumed for the decision-tree-based DSS [29], in order to isolate the economic
effect of different classification accuracies. Considering, as an example, a medium-sized
retailer managing 1000 SKUs, the decision-tree-based DSS (with 77.0% accuracy, namely
~230 misclassifications over 1000 predictions), would generate annual excess costs of about
€692,000 (230 × €3008). In contrast, our Random Forest-based DSS (with 93.4% accuracy,
namely ~66 misclassifications over 1000 predictions) would generate annual excess costs of
around €199,000 (66 × €3008), yielding a net annual saving of €493,000.

Beyond direct cost savings, the accuracy improvement fundamentally changes how
managers interact with and trust the DSS. As reported by refs. [32,66], a low accuracy
fosters managerial scepticism and limits ML adoption to selective, expert-supervised uses.
The high error rate necessitates constant oversight, restricting scalability and preventing
systematic deployment across organisational units. Conversely, a high accuracy (93.4%)
encourages retailers to confidently implement the DSS recommendations, standardising
decision-making across multiple DCs, training junior staff by using DSS recommenda-
tions as learning tools, and reducing dependence on individual expert judgement. The
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combination of cost savings and organisational confidence makes the accuracy improve-
ment strategically significant rather than merely technically noteworthy.

After training the (black box) Random Forest, SHAP-based interpretations of the
ML recommendations are provided through two types of plots: (i) ‘SHAP waterfall plots’
for local-level interpretations, which visually illustrate the reasoning behind the Random
Forest suggestions for a specific DN under analysis; and (ii) ‘SHAP summary plots’ for
global-level interpretations, which show the average importance of each input parameter
(feature) across the entire dataset, thereby providing insights applicable to generic DNs.
Each visualisation type is described below, along with guidance on interpretation, to ensure
that the DSS remains both accessible and actionable for spare parts retailers.

4.1. Waterfall Plots: Local-Level Interpretations

SHAP waterfall plots provide local explanations by showing how individual input
parameters contribute to the Random Forest recommendations for a specific DN scenario.
Figure 4 illustrates an example waterfall plot for the first DN scenario in the training
dataset, focusing on interpreting the Random Forest recommendations regarding the first
configuration in Figure 2 (i.e., decentralised stock deployment policy with AM spare parts,
schematically depicted on the right of Figure 4).

Figure 4. Waterfall plot explaining how input parameters influence the Random Forest recommenda-
tion of the first configuration in Figure 2 (i.e., decentralised stock deployment policy of AM spare
parts) for the first DN scenario in the dataset. This figure adopts the same notation already introduced
in the legend of Figure 1.

The plot visualises the Random Forest recommendation process as follows. The y-axis
displays the actual values of each input parameter (a.k.a. feature) for the specific DN
scenario under analysis. For instance, Figure 4 refers to a DN with 37 customers, each
having an average demand of 6 product units/year, and so on.

E[ f (X)] (bottom right in Figure 4, equal to 0.121) represents the base value (baseline),
given by the average SHAP model output for the first configuration of Figure 2 to be
selected as optimal across all observations in the training dataset (DN scenarios). This
baseline serves as the starting point for understanding how likely the first configuration of
Figure 2 is to be recommended as optimal by the Random Forest in the absence of specific
feature information for the analysed DN scenario.

Next, f (X) (top left in Figure 4, equal to 0.01) represents the final Random Forest
recommendation for the first configuration of Figure 2 after accounting for all feature
contributions from the specific DN scenario being examined. A higher f (X) value indicates
a greater likelihood that the Random Forest recommends decentralisation of AM spare
parts for this DN scenario, and vice versa. The low value of f (X) = 0.01 (compared to
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the baseline of E[ f (X)] = 0.121) clearly indicates that the first configuration of Figure 2 is
highly unlikely to be cost-effective for the first DN scenario in the dataset.

Each coloured bar in Figure 4 corresponds to one feature (input parameter), with
its length and colour indicating the magnitude and direction of its contribution to the
Random Forest recommendation. Blue bars with negative values decrease the likelihood
of the first configuration of Figure 2 being optimal (pushing the recommendation away
from decentralised AM toward other configurations of Figure 2), while red bars with
positive values increase this likelihood (pushing toward decentralisation of AM spare
parts). The longer the bar, the greater the impact of that input parameter on the final
Random Forest recommendation.

Notably, f (X) is always equal to E[ f (X)] plus the sum of all feature contributions.
For example, if the second bar corresponds to +0.02, this means that the average customer
demand of 6 units/year increased the decentralisation recommendation ( f (X)) by 0.02
compared to the average baseline E[ f (X)].

As another example, Figure 5 shows the waterfall plot for the same DN scenario
(first row of the dataset), considering the Random Forest recommendation for the fourth
configuration in Figure 2 (i.e., hybrid stock deployment policy with Degi = 0.75 and spare
parts produced via AM, schematically depicted on the right of Figure 5). In Figure 5,
the high value of f (X) = 0.98 (compared to the baseline E[ f (X)] = 0.392) confirms
that the fourth configuration of Figure 2 is likely to be the most cost-effective for the
considered DN scenario. The waterfall plot reveals the reasoning behind this Random
Forest recommendation. As shown in Figure 5, the relatively low transportation cost
(etcentral = 491.5 €) provides a strong positive contribution (+0.13, red bar) toward the fourth
configuration of Figure 2. This aligns with established literature [10,13], which reports
that lower transportation costs favour centralisation as they enable retailers to exploit
risk-pooling benefits without excessive delivery expenses. In fact, when transportation
is inexpensive, configurations with higher degrees of centralisation (e.g., Degi = 0.75)
become more cost-effective, as there is minimal transportation cost penalty associated with
consolidating inventory in fewer DCs serving customers from more distant locations.

Figure 5. Waterfall plot explaining how input parameters influence the Random Forest recommenda-
tion of the fourth configuration in Figure 2 (i.e., hybrid stock deployment policy of AM spare parts)
for the first DN scenario in the dataset. This figure adopts the same notation already introduced in
the legend of Figure 1.

In addition, the high CM unit cost (cCM = 1539.5 €) provides the strongest positive
contribution (+0.22, red bar) to choose the fourth configuration of Figure 2. This finding is
consistent with prior research on manufacturing technology selection [23,24], which shows
that AM becomes cost-competitive when CM costs are elevated. Indeed, AM spare parts are
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preferred over CM because they are cheaper, and expensive stocks benefit from risk-pooling
effects achieved through higher degrees of centralisation. Since similar considerations can
be made for all the other input parameters, the final waterfall plot in Figure 5 demonstrates
that the fourth configuration of Figure 2 (hybrid stock deployment policy with Degi = 0.75
and AM spare parts) is optimal for this DN scenario.

Overall, waterfall plots enable spare parts retailers to understand why a specific com-
bination of stock deployment policy and manufacturing technology was recommended
by Random Forest for their DN and for each SKU, thereby strengthening trust in the DSS
recommendations. Specifically, managers can follow this step-by-step protocol. First, they
input the DN and SKU’s features (e.g., number of customers served, demand per customer,
etc.) into the DSS. The Random Forest recommends the optimal stock deployment and
manufacturing technology (e.g., hybrid policy with 75% degree of centralisation and AM
production). Subsequently, retailers analyse the SHAP waterfall plot (e.g., Figure 5) to
understand why this recommendation is generated, identifying both the strongest posi-
tive contributors pushing toward the selected solution (e.g., high CM unit costs and low
transportation costs) and the negative contributors pushing against it (i.e., no particu-
lar ones in the case of Figure 5). The magnitude of the final prediction f (X) relative to
the baseline E[ f (X)] enables an assessment of decision confidence: a large gap between
these two values indicates a robust recommendation. Conversely, f (X) values close to
the baseline E[ f (X)] highlight ambiguous cases requiring sensitivity analysis or manage-
rial judgement. Finally, based on the outcomes of Random Forest and SHAP, retailers
can use the DSS recommendations to make appropriate stock deployment and manufac-
turing choices. For example, in the case of Figure 5, they can procure AM spare parts
from suppliers and stock them in selected regional DCs to balance cost-efficiency and
service responsiveness.

4.2. Summary Plots: Global-Level Interpretations

While waterfall plots provide local-level interpretations, summary plots aggregate
SHAP values across all DN scenarios in the training dataset to reveal global patterns of
feature importance (applicable to any generic DN). Figure 6 presents the SHAP summary
plot obtained for the first configuration of Figure 2 (decentralisation of AM spare parts,
here schematically represented on the right side of Figure 6).

 

Figure 6. Summary plot for the first configuration of Figure 2. This figure adopts the same notation
already introduced in the legend of Figure 1.

The structure of Figure 6 is as follows. The vertical axis lists input parameters ranked
by their average impact on Random Forest recommendations for the first configuration of
Figure 2, with the most influential features positioned at the top. This ranking provides
immediate insight into which input parameters most strongly drive the Random Forest
recommendation of decentralisation of AM spare parts.
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The horizontal axis displays SHAP values, which indicate both the magnitude and
direction of each feature’s contribution to the Random Forest recommendation across
different DN scenarios (dots). SHAP values to the right of zero (positive values) increase
the likelihood that the first configuration of Figure 2 is recommended as optimal, while
values to the left of zero (negative values) decrease this likelihood. The distance from
zero represents the strength of the contribution.

For each feature on the y-axis, Figure 6 depicts 2000 dots, where each dot represents
an individual DN scenario from the dataset. The dot’s position along the x-axis indicates
how strongly that feature (y-axis) pushed the recommendation toward or away from the
first configuration in Figure 2 for that specific (local) DN scenario. The colour of each
dot indicates the feature value for that DN scenario: red represents high feature values,
while blue represents low values. This colour-coding enables visual identification of the
relationship between feature magnitude and recommendation impact. For instance, a red
dot for cAM positioned far left (negative SHAP value) represents a scenario where high
AM unit costs strongly discouraged the decentralisation of AM spare parts in favour of
alternative configurations of Figure 2. Conversely, a blue dot for cAM positioned far right
(positive SHAP value) indicates that low AM costs strongly favoured the decentralisation
of AM spare parts for the considered DN scenario.

The distribution pattern of dots reveals critical insights about how feature values
relate to recommendation outcomes. If most dots cluster on the positive side of the x-axis
(to the right of zero), that feature generally exerts a positive impact on recommending
the first configuration of Figure 2. Conversely, if dots concentrate on the negative side
(to the left of zero), the feature tends to steer recommendations away from decentralised
AM configurations toward other alternatives of Figure 2. For example, in Figure 6, the
feature cCM displays red dots predominantly on the positive side and blue dots on the
negative side, indicating that higher CM costs favour the decentralisation of AM spare
parts, whereas lower CM costs discourage it. In other words, the spread of dots along
the x-axis for a given feature reflects how consistently that feature influences Random
Forest recommendations across different DN scenarios. A wide horizontal dispersion (as
observed for N) suggests that the feature’s impact is highly context-dependent and varies
significantly based on interactions with other parameters, whereas a narrower distribution
(as observed for D) indicates a more consistent behaviour.

By combining positional information (x-axis) with colour-coding, the summary plot
reveals whether high or low values of each feature drive specific recommendation outcomes.
For example, if a feature displays predominantly red dots on the positive side of the x-
axis, this indicates that high values of the feature consistently increase the probability
of recommending the first configuration of Figure 2 for a generic DN. Conversely, if a
feature shows red dots clustered on the negative side, this means that high values of
this feature push recommendations away from the first configuration of Figure 2 toward
more centralised or CM-based configurations. Likewise, if blue dots (low feature values)
appear predominantly on the positive side of the x-axis, low values of that feature favour
decentralised AM scenarios and vice versa.

According to these interpretation rules, Figure 6 (namely, the SHAP summary plot
for the decentralised AM configuration with i = 1 and j = AM) reveals several insights
that both confirm and extend prior findings in the spare parts management literature. First,
the unit cost of CM parts (cCM) emerges as the most influential feature: lower cCM values
(blue dots) reduce the likelihood of recommending decentralised AM (negative SHAP
values), whereas higher cCM values (red dots) increase it (positive SHAP values). This
confirms Cantini et al.’s [29] earlier observation that relative (AM vs. CM) manufacturing
costs dominate stock deployment decisions when AM is considered. However, our SHAP
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analysis reveals additional nuance: the wide horizontal dispersion of the dots in Figure 6
indicates that when CM is expensive, AM becomes comparatively more attractive, although
the impact of this effect varies across DN scenarios, being context-dependent. This finding
aligns with ref. [11], which posits that AM adoption in spare parts DNs depends critically
on cost competitiveness relative to CM, but our results demonstrate that this relationship is
non-linear and influenced by DN-specific characteristics.

The second most influential feature is the unit cost of AM parts (cAM), which clearly
exhibits a pattern opposite to cCM: low AM costs (blue dots) strongly support decentralised
AM spare parts and vice versa. Moreover, in agreement with ref. [23], it confirms that
decentralised AM is viable only when the manufacturing technology is economically
accessible, especially if AM inventories must be kept across multiple DCs (decentralisation).

Analysing the unit backorder cost (b), red dots in Figure 6 concentrate on the negative
side of the x-axis, meaning that high b values discourage decentralised AM recommenda-
tions in favour of more centralised or CM-based DNs. This suggests that when service
criticality is high, alternative combinations of stock deployment and manufacturing strate-
gies may outperform decentralisation. This finding may appear counterintuitive as some
authors [12,14] suggest that high service requirements favour decentralisation for respon-
siveness. However, our results show a more sophisticated dynamic: when backorder costs
are extreme, centralised DNs for AM spare parts may provide superior service by benefiting
from risk-pooling (compensating demand fluctuations and, thus, limiting backorders) while
still offering shorter lead times than CM and without requiring the inventory replication
costs of decentralisation. This explanation is consistent with supply chain theory [11,22]
and reconciles the apparent contradiction with prior literature.

The average annual demand per customer (D) is associated mainly with red dots
on the positive x-axis, indicating that high D values consistently increase the likelihood
of recommending the first configuration in Figure 2. This suggests that sufficient local
demand volume is required to justify distributed investment management.

Unexpectedly, the number of customers (N) has a relatively modest impact on Ran-
dom Forest recommendations. This implies that demand density, backorder costs, and
purchasing costs weigh more heavily than the sheer number of customers, a distinction
not explicitly made in prior qualitative works [23]. In fact, red and blue dots are scattered
along the x-axis of Figure 6, indicating that, although geographically dispersed customers
may favour decentralised stock deployment policies, the influence of N is dependent on its
interaction with other features and varies across DN scenarios.

Finally, the unit transportation cost under centralisation (etcentral) shows an intuitive
pattern: high transportation costs favour decentralised AM (positive SHAP values), though,
again, the magnitude of this effect depends on interactions with other features. This
confirms classical location theory [4,18], expanding it by showing (through the horizontal
dispersion of dots in Figure 6) that transportation costs alone do not determine optimal
stock deployment and manufacturing technology decisions. Rather, their influence depends
heavily on interactions with manufacturing costs, demand patterns, etc.

Similar considerations arise from Figure 7, which—consistent with Figure 5—provides
another SHAP summary plot explaining the recommendations for the fourth configuration
in Figure 2 (i.e., hybrid stock deployment policy with Degi = 0.75 and AM-produced
spare parts, here schematically depicted on the right side of Figure 7). In this case, the
patterns associated with cCM, cAM and D are reversed relative to Figure 6, because the plot
illustrates the tendency to recommend a stock deployment policy with a high degree of
centralisation (Degi = 0.75), rather than the previously analysed decentralisation. A similar
inversion is observed for etcentral , whose increased relevance compared to Figure 6 suggests
that this feature plays a major role in distinguishing among hybrid stock deployment
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policies (with different degrees of centralisation, Degi). By contrast, b and N show red and
blue dots interspersed and mostly concentrated around SHAP values close to zero. This
pattern suggests that, for recommendations involving hybrid stock deployment policies, the
influence of b and N emerges primarily through interactions with other features, making
their impact case-specific and dependent on the specific DN under analysis.

 
Figure 7. Summary plot for the fourth configuration of Figure 2. This figure adopts the same notation
already introduced in the legend of Figure 1.

While the waterfall plots in Section 4.1 explain individual Random Forest recommen-
dations for specific DN scenarios, the SHAP summary plots offer a global view of feature
importance by revealing aggregate patterns of feature influence across the entire dataset
(all DN scenarios). These plots enable retailers to derive general guidelines on which DN
characteristics favour particular combinations of stock deployment policies and manufac-
turing technologies for a given SKU. For example, companies facing increasing customer
demand (higher D) or rising fuel expenses for petrol vehicles (higher etcentral), combined
with rising CM supplier costs (higher cCM), should anticipate potential advantages from
shifting toward more decentralised stock deployment policies of AM spare parts.

Adopting this global perspective, SHAP summary plots allow managers to extract
generalisable decision rules for groups of SKUs rather than analysing each SKU individu-
ally. By examining the ranking and colour of features, retailers can identify the dominant
decision drivers (e.g., CM unit cost, AM unit cost, backorder cost, etc.) and derive action-
able rules such as: (i) when CM costs are high, shift toward AM-based configurations;
(ii) when AM costs are low and local demand is high, decentralised AM becomes viable;
(iii) when backorder costs are high, centralised AM is preferable to exploit risk-pooling;
and (iv) when transportation costs increase, favour decentralisation. These insights enable
retailers to monitor triggering conditions that signal the need to reassess stock deployment
and manufacturing technology decisions. Accordingly, retailers managing thousands of
SKUs can periodically screen the portfolio to identify spare parts affected by changes in
features (such as increases in CM prices, reductions in AM costs, or rising demand volumes)
and then apply DSS-guided rules to determine whether current stock deployment policies
and manufacturing technologies remain appropriate or should be adjusted.

5. Discussion and Conclusions
This study developed a DSS that integrates Random Forest prediction with SHAP-

based interpretations to address the RQ: How can ML and post hoc XAI support joint
decisions on stock deployment and manufacturing technology in spare parts DNs? The
DSS identifies the most cost-effective option among ten alternatives, combining five stock
deployment policies (one centralised, one decentralised, and three hybrid) with two man-
ufacturing technologies (AM or CM). While Random Forest ensures prediction accuracy,
SHAP provides both local (DN-specific) and global (dataset-wide) visual explanations
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that clarify the rationale behind recommendations. Together, these elements enable a
data-driven, transparent, and actionable DSS that supports alignment between stock de-
ployment and spare parts manufacturing strategies with market needs, and promotes a
more informed adoption of AM as a potential substitute for CM.

The DSS builds on prior contributions in the literature ([29,71]) by coupling a cost-
based mathematical model with parametric analysis, ML-based classification (Random
Forest), and XAI (SHAP). Compared with the only similar DSS in the literature [29], the pro-
posed DSS improves performance, achieving 93.4% accuracy versus 77.0% while relying on
the same dataset and underlying mathematical model. This improvement derives from the
ensemble nature of Random Forest, which captures complex, non-linear interactions among
decision variables that single decision trees cannot represent effectively. Besides predictive
performance, the integration of SHAP yields insights that extend beyond those offered by
decision-tree-based DSSs. While decision trees explain decisions through a single reasoning
path (due to their branching structure, which may oversimplify complex trade-offs), SHAP
quantifies the marginal contribution of each input feature across all DN scenarios. In doing
so, SHAP reveals interaction effects and differences between local (instance-level) and
global (dataset-level) explanations through complementary visualisations (waterfall and
summary plots). This is reflected in the changing relative importance of features (i.e., the
order on the y-axis) across local and global analyses (Figure 4 vs. Figure 6), as well as across
recommendations for different combinations of stock deployment and manufacturing op-
tions (Figure 4 vs. Figure 5). Overall, SHAP enables retailers to understand not only ‘what’
combination of stock deployment and manufacturing technology is recommended by the
DSS, but also ‘why’, indicating which DN features (customer numbers, costs, demand sizes,
etc.) drive each recommendation and how strongly they influence it.

Consistent with prior evidence [29], the DSS results confirm that the unit costs of
CM and AM spare parts (cCM vs. cAM) are the most influential features in the decision-
making process, followed by the unit backorder cost (b). This suggests that, as AM costs
decline with technological maturation and economies of scale, centralised AM-based
configurations may become increasingly attractive compared to CM-based ones, allowing
firms to leverage AM’s advantages while benefiting from risk-pooling to reduce backorders.
Furthermore, the SHAP summary plots indicate that the influence of b on the decision-
making varies depending on the values of other features and on the specific combination
of stock deployment policy and manufacturing technology being recommended.

5.1. Theoretical and Practical Contributions

At a theoretical level, this study makes literature contributions at the intersection of
spare parts management, AM adoption, and XAI. First, to the best of the authors’ knowl-
edge, it represents the first application of post hoc XAI models to support joint decisions
on stock deployment and manufacturing technology in spare parts DNs. Second, it demon-
strates how ML models and XAI can be combined to overcome the accuracy-interpretability
trade-off that typically constrains DSS development. While previous research has generally
favoured either interpretable but less accurate models (e.g., decision trees) or accurate but
opaque models (e.g., neural networks), the combination of Random Forest and SHAP pro-
vides a template for future research seeking to develop high-performance and interpretable
DSSs in spare parts management.

From a practical perspective, the proposed DSS addresses the challenges faced by
spare parts retailers in navigating stock deployment and AM adoption decisions. The high
predictive accuracy of the DSS ensures reliable recommendations (minimising unnecessary
logistic costs due to prediction mistakes), while its interpretability fosters managerial trust
and enables informed decision-making (rather than blind acceptance of ML outputs). By
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requiring only basic input data and providing visual explanations, the DSS democratises
access to sophisticated decision-making capabilities by eliminating the need for advanced
mathematical or computational skills. Furthermore, the DSS enables continuous reassess-
ment of stock deployment and manufacturing technology decisions whenever DN charac-
teristics evolve, ensuring alignment of logistics activities with market needs. Specifically,
waterfall plots support SKU-level decisions by revealing why a given combination of
stock deployment policy and manufacturing technology is recommended over the others.
Instead, summary plots reveal clustering patterns in which SKU families with similar
operational characteristics share the same optimal combination of stock deployment policy
and manufacturing technology. This allows retailers to develop standardised decision rules
for groups of similar SKUs (rather than conducting individualised analyses for thousands
of parts), thereby reducing decision-making complexity while preserving decision quality.

5.2. Limitations and Future Research

Despite its contributions, this study has limitations that suggest directions for future
research. First, the DSS is trained on synthetic data generated from a mathematical model
and therefore reflects the assumptions embedded in that formulation (e.g., cost structures,
inventory control policies, and demand processes). Consequently, its recommendations are
valid only for operational contexts consistent with those assumptions. As the three-step
methodology proposed in this work (Figure 3) is valid regardless of the specific mathemati-
cal model employed for DSS training, future research could extend the DSS to alternative
operational contexts by adopting alternative mathematical formulations (e.g., with differ-
ent cost structures, inventory policies, demand processes, stochastic lead times, capacity
constraints, etc.).

Second, since Random Forest is trained on data generated by a mathematical model
with simplifying assumptions, SHAP insights reflect the ML model’s logic rather than
absolute (real-world) operational truths. Empirical validation through case studies would
strengthen the practical relevance of the DSS and help assess implementation challenges
(e.g., user acceptance factors) and actual cost savings.

Third, the DSS considers only five stock deployment policies (one centralised,
one decentralised, and three hybrid) and assumes AM spare parts are externally sourced.
Future research could extend the decision space to include more granular deployment
policies and in-house AM production options.
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Appendix A

This appendix substantiates the research gap addressed in this study by systemat-
ically summarising the state-of-the-art literature on the topics of spare parts, ML (and,
more broadly, artificial intelligence), and stock deployment decisions (including all related
synonyms commonly used in the literature [12]).

Table A1 provides the overview of 26 peer-reviewed studies retrieved from Scopus in
6 February 2026 using the following search query: (TITLE-ABS-KEY (“spare part*”) AND
TITLE-ABS-KEY (“machine learning” OR “artificial intelligence” OR “deep learning” OR
“machine-learning” OR “deep-learning”) AND TITLE-ABS-KEY (*location OR pooling
OR deployment OR centrali* OR decentrali*)) AND (LIMIT-TO (LANGUAGE, “English”))
AND (LIMIT-TO (SUBJAREA, “ENGI”) OR LIMIT-TO (SUBJAREA, “COMP”) OR LIMIT-
TO (SUBJAREA, “DECI”) OR LIMIT-TO (SUBJAREA, “BUSI”) OR LIMIT-TO (SUBJAREA,
“MULT”)) AND (LIMIT-TO (DOCTYPE, “cp”) OR LIMIT-TO (DOCTYPE, “ar”)) AND
(LIMIT-TO (PUBSTAGE, “final”)).

In Table A1, each study was classified according to the following dimensions: ID (1st
column), publication year (2nd column), main goal of the study (3rd column), type of
ML model adopted (4th column), presence (5th column) and type (6th column) of XAI,
whether stock deployment decisions are explicitly addressed (7th column), whether AM is
considered (8th column), and the reason why the paper was retrieved in our Scopus Search
(9th column). This last column serves to justify why some papers have been retrieved
by our search query, even if they do not address the problem of choosing centralised,
decentralised or hybrid stock deployment policies.

Table A1 highlights that, while several studies apply ML to spare parts forecasting,
maintenance planning, or inventory optimisation, most of them refer to deployment only
indirectly (e.g., resource allocation, decentralised data collection, or sensor placement), with-
out explicitly analysing alternative stock deployment policies (centralised, decentralised,
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or hybrid). Only one prior study [29] jointly considers stock deployment policies and man-
ufacturing technologies (AM vs. CM), as discussed in Sections 1 and 2. Overall, no existing
study integrates ML models and XAI to address stock deployment and manufacturing
technology decisions within the context of spare parts DNs. This gap is addressed in this
study, as shown in the last row of Table A1.

Table A1. Summary of the state-of-the-art literature on ML for spare parts stock deployment.

Reference Publication
Year Main Goal Type of ML

Is It
Dealing
with XAI?

Type of
XAI

Is It Dealing
with Stock
Deployment?

Why Is It
Mentioning Deployment
or Synonyms?

Is It Dealing
with AM?

[93] 2026
To forecast
end-of-life
parts demand

Decay-function-
blended ML,
Random Forest

N/A ✗
States that the proposed
ML is ready “for
industrial deployment”

✗

[94] 2026

To optimise
preventive
maintenance costs
and spare parts
inventory levels
in DNs

Multi-agent
Deep Reinforcement
Learning

✓ LIME ✓

Considers a decentralised
DN but does not compare
its performance with
other stock deployment
policies. Moreover, it does
not consider AM

✗

[95] 2025
To estimate the
Mean Time to
Repair of parts

Bayesian Ridge,
SVR, KNN,
SARIMAX, LSTM,
CNN, Exponential
Smoothing

✗ N/A ✗

Supports “resource
allocation” referring to
maintenance costs,
staff, etc.

✗

[96] 2025

To optimise
demand forecasting
and failure
prognostics

LSTM, Random
Forest ✗ N/A ✗

Mentions “deployment
of advanced
sensor networks”

✗

[33] 2025 To forecast spare
parts demand

Random Forest,
GBDT, XGBoost,
Light GBM

✗ N/A ✗
Refers to
“resource allocation” ✗

[97] 2025

To optimise
multi-plant
inventories in
power plants

Multi-Agent Deep
Deterministic
Policy Gradient

✗ N/A ✓

Considers decentralised
DN but does not compare
its performance with
other stock
deployment policies

✗

[98] 2024
Privacy-preserving
federated learning
method

Asynchronous
Federated Learning,
RNN

✗ N/A ✗

Federated learning
enables collaborative
training via
decentralisation

✗

[29] 2024

To compare the
stock deployment
policies of AM
and CM
spares economically

Decision tree ✗ N/A ✓
Determines whether to
centralise or decentralise
AM/CM inventory

✓

[99] 2023

To forecast
spares production
and distribution
to customers

Time Series
Forecasting,
Random Forest

✗ N/A ✓

Forecasts spare parts
distribution in a
decentralised DN, but
does not compare its
performance with other
stock deployment policies

✗

[100] 2023

To develop
a Reliability
and Maintenance
database

Not specified ✗ N/A ✗
Mentions “establishing a
centralised and
structured database”

✗

[101] 2023

To compare CO2
emissions in
decentralised vs.
centralised DNs of
AM spares

Decision tree ✗ N/A ✓

Compares decentralised
vs. centralised DNs of AM
parts environmentally.
CM is not considered

✓

[102] 2023

To predict
maintenance
demand for
geographically
distributed
appliances

Spatial-Temporal
Network ✗ N/A ✗

Mentions that “ad hoc
maintenance can improve
resource allocation and
spare part
supply planning”

✗

[103] 2022

To develop a
system to
manage predictive
maintenance in
reverse supply
chains

Not specified ✗ N/A ✗
Considers equipment
“scattered in
various locations”

✗
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Table A1. Cont.

Reference Publication
Year Main Goal Type of ML

Is It
Dealing
with XAI?

Type of
XAI

Is It Dealing
with Stock
Deployment?

Why Is It
Mentioning Deployment
or Synonyms?

Is It Dealing
with AM?

[104] 2022

To optimise
warehouse
inventory for
heating equipment.

Not specified ✗ N/A ✗
Analyses resource
distribution modelling
in organisations

✗

[105] 2022
To predict the usage
profile of
military vehicles

MLP, Random
Forest, SVM ✗ N/A ✗

Claims that usage
classification optimised
“distribution of vehicles
and spare parts
in decentralised
warehouses”

✗

[106] 2021
To predict the
robot’s lubricating
oil state

Support Vector
Machine ✗ N/A ✗

Claims that robot
maintenance decision
“affects the cost of spare
parts and
labour deployment”

✗

[107] 2020
To optimise
spares movement
within DN

Evolutionary
algorithms ✗ N/A ✓

Optimises distribution in
a decentralised DN but
does not compare its
performance with other
stock deployment policies

✗

[108] 2020

To leverage
machine vision
for used
parts identification

Convolutional
Neural Networks ✗ N/A ✗

The title refers to
“decentralised
identification” of
used parts

✗

[109] 2019

To optimise
warehouse
geographical
locations

Evolutionary
algorithms ✗ N/A ✗

Find “optimal
deployment locations”
for warehouses”

✗

[110] 2018

To explore
blockchains for
online auctions
by agents

Not specified ✗ N/A ✗

Mentions that blockchain
is known
for “decentralisation,
transparency”

✗

[111] 2017

To optimise
cross-training
policy while
minimising
inventory and
skill costs

Particle Swarm
Optimisation ✗ N/A ✗

Studies “a single location
supply system for
repairable spare parts”

✗

[112] 2017

To apply Lean
Management to
aircraft spares
maintenance

Not specified ✗ N/A ✗

Explores aircraft
parameters, including
“engine type and
operation location”

✗

[113] 2016
To optimise
maintenance for
moving vehicles

Not specified ✗ N/A ✗

Claims that maintenance
logistics should suggest
repair shops based
on location

✗

[114] 2010
To propose an ACO
moisture sensor for
harsh environments

Not specified ✗ N/A ✗
Explores “sensor
locations” ✗

[115] 2008

To propose a model
for integrating
maintenance
in ERPs

Not specified ✗ N/A ✗
Considers maintenance
“resource allocation” like
costs, assets, etc.

✗

[116] 1990

To propose a
knowledge-based
system for
component
malfunction
diagnosis

✗ N/A ✗

The system accesses the
database with
information like the
“location of spare parts”

✗

This
paper 2026

To compare the
stock deployment
policies of AM
and CM
spares economically

Random Forest ✓ SHAP ✓
Determines whether to
centralise or decentralise
AM/CM inventory

✓
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