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1. INTRODUCTION

Spare parts production is crucial for maintaining the 

functionality and efficiency of machinery, vehicles, and 

equipment across various industries, including automotive, 

aerospace, and electronics. Traditionally, spare parts have 

been produced using Conventional Manufacturing (CM) 

methods such as subtractive manufacturing, casting, and 

molding, which are well-suited for high-volume, mass-

production environments. However, as industries demand 

more customized, complex, and rapidly produced spare parts, 

the limitations of CM in handling low-volume production, 

high complexity, and rapid prototyping become evident 

(Khajavi et al., 2014). Additive Manufacturing (AM), also 

known as 3D printing, has emerged as a promising alternative, 

offering the ability to produce parts layer by layer from digital 

models. AM allows the creation of intricate geometries, 

reduces material waste, and enables on-demand production, 

significantly lowering inventory, and transportation costs. AM 

is particularly beneficial in industries like aerospace and 

offshore, where space is limited and demand is irregular. 

However, AM is considered less efficient for mass production 

due to longer production times and material restrictions. 

Therefore, the choice between AM and CM for spare parts 

production depends on specific factors, such as part 

complexity, volume, lead time, and cost considerations.

Researchers have addressed this challenge using two main 

strategies. The first involves Multi-Criteria Decision Making

(MCDM), traditionally used in inventory management to 

classify spare parts. Early approaches focused on single-

criteria classifications, such as annual cost usage, based on 

demand and unit cost (Baluch et al., 2013). More recent 

approaches incorporate multiple criteria, such as lead time, 

criticality, and demand patterns, to define tailored inventory 

strategies (Braglia et al., 2004; Sarmah & Moharana, 2015). 

Despite the extensive literature on spare part classification, 

research focused on selecting spare parts for AM is limited 

(Frandsen et al., 2020). Among the few studies, Knofius et al. 

(2016) proposed a top-down approach for ranking spare parts 

based on their potential for AM, using the Analytical 

Hierarchy Process (AHP) (Saaty, 1980) and standard 

information systems. Lindemann et al. (2015) presented a 

bottom-up approach based on a Trade-Off Methodology 

(TOM) matrix, considering the entire product lifecycle. 

Chaudhuri et al. (2020) proposed a top-down approach for 

selecting spare parts suitable for additive manufacturing by 

systematically eliminating unsuitable candidates. However, 

this method relies on specific part information, such as 

material, dimensions, weight, and tolerances, which may not 

always be readily available on a large scale. A similar 

approach was introduced by Sharifi et al. (2021) for freeform 

injection molding, which also depends on specific geometric 

data in the initial screening stages. More recently, Cardeal et 

al. (2023) proposed an MCDM model to select AM-suitable 

spare parts, based on criteria like demand characteristics, 

maturity, and lead time uncertainty.

The second stream of literature uses complex mathematical 

models to optimize spare parts management and develop 

decision support systems, often based on decision trees. 

Sgarbossa et al. (2021) evaluated the profitability of using AM 

versus CM for spare parts, identifying small parts as the most 

promising application for AM. They developed a decision 

support system based on decision trees to assist practitioners 

in selecting CM or AM and specific AM technologies. 

Building on this, Lolli et al. (2022) introduced a preventive 

maintenance strategy using decision trees to guide the choice 

of production modes and AM technologies. Cantini et al. 

(2024) proposed a model to optimize AM spare parts supply 
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chain configurations, developing a decision support system 

based on real-world data. Recent works also include. Lolli et 

al. (2024) examined stock constraints in deciding whether to 

insource a 3D printer for on-demand AM spare parts 

production. Xie et al. (2024) integrates the Three-Way 

Decision (TWD) model with fuzzy theory, behavioral 

decision-making, and MCDM to address material selection 

challenges in 3D printing composites. proposes a novel 

method focused on the material selection problem in metal 

additive manufacturing, with the TWD theory as its core 

framework. Qin et al. (2023) proposes a novel TWD method 

focused on the material selection problem in metal additive 

manufacturing.

The literature review highlights that the impact of AM on spare 

parts management is still not thoroughly investigated, and the 

lack of standardized methodologies for part selection remains 

a key barrier to its broader adoption. Businesses must assess 

the economic trade-offs of integrating AM into their supply 

chains, weighing its advantages against potential challenges.

The decision between AM and CM for spare parts 

management largely hinges on identifying components best 

suited for AM adoption. In this context, the TWD method 

(Yao, 2010) offers a robust decision-making approach by 

accommodating the uncertainty inherent in such choices. In 

fact, Frandsen et al. (2020) pointed out that limited data 

availability presents a significant obstacle, emphasizing the 

need for structured screening methods to systematically 

identify AM-compatible parts. The relevant data includes 

information on failure rates, demand history, physical 

characteristics, and supply chain dynamics.

To bridge the gap between these two distinct streams of 

literature, our preliminary work proposes a novel TWD

framework for classifying spare parts production into AM, CM

or uncertain to reduce the decision risk under limited data 

availability. The proposed TWD framework handles 

uncertainty by using three decision regions: AM, CM, and 

uncertainty, making it more effective in assessing risks and 

potential losses, especially in complex production 

environments. Compared to traditional MCDM methods, 

TWD provides more intuitive and easier-to-interpret decision 

outcomes, while considering the impact of AM, CM, and 

inventory adjustments on the risk of CM costs. This 

framework has been applied to the spare parts dataset of Lolli 

et al. (2024), aiming to integrate management optimization 

models with MCDM. However, this framework is not 

restricted to spare parts and can be applied also to different 

types of products e.g., finished products, and in different types 

of industries such as automotive, military and healthcare. 

The structure of this paper is organized as follows: Section 2 

introduces the concept of Decision-Theoretic Rough Sets 

(DTRS). Section 3 presents a novel TWD method based on 

logistic regression and defined relative loss function. Section

4 focuses on case study to demonstrate the effectiveness of the 

proposed approach. Section 5 summarizes the key findings, 

discusses the implications, and outlines directions for future 

research.

2. PRELIMINARIES

2.1 Decision-Theoretic Rough Sets (DTRS)

In this subsection, we provide an overview of the original 

DTRS model, focusing specifically on the thresholds used in 

TWD. According to Bayesian decision theory, the model 

involves two possible states and three corresponding actions 

(Yao, 2003; Yao, 2008; Yao, 2011). The states are represented 

by Ω = {𝐶𝐶,¬𝐶𝐶}, where an object either belongs to 𝐶𝐶 or does 

not. The actions, represented by A = {𝑎𝑎𝑃𝑃, 𝑎𝑎𝐵𝐵, 𝑎𝑎𝑁𝑁} , include 

deciding that an object belongs to 𝑃𝑃𝑃𝑃𝑃𝑃(𝐶𝐶), requires further 

investigation (𝐵𝐵𝐵𝐵𝐵𝐵(𝐶𝐶)), or belongs to 𝑁𝑁𝑁𝑁𝑁𝑁(𝐶𝐶), respectively. 

The loss function associated with these actions is described by 

a 3 × 2 matrix reflecting the risk or cost in different states.
Table 1. Cost of actions in different states.

𝐶𝐶(𝑃𝑃) ¬𝐶𝐶(𝑁𝑁)
𝛼𝛼𝑃𝑃 𝜆𝜆𝑃𝑃𝑃𝑃 𝜆𝜆𝑃𝑃𝑃𝑃
𝛼𝛼𝐵𝐵 𝜆𝜆𝐵𝐵𝐵𝐵 𝜆𝜆𝐵𝐵𝐵𝐵
𝛼𝛼𝑁𝑁 𝜆𝜆𝑁𝑁𝑁𝑁 𝜆𝜆𝑁𝑁𝑁𝑁

In this context, the losses associated with each action are 

denoted by 𝜆𝜆𝑃𝑃𝑃𝑃 , 𝜆𝜆𝐵𝐵𝐵𝐵 and 𝜆𝜆𝑁𝑁𝑁𝑁 for actions 𝑎𝑎𝑃𝑃 , 𝑎𝑎𝐵𝐵 , and 𝑎𝑎𝑁𝑁, 

respectively, when the object belongs to class 𝐶𝐶   iimilarly, 

𝜆𝜆𝑃𝑃𝑃𝑃  , 𝜆𝜆𝐵𝐵𝐵𝐵 and 𝜆𝜆𝑁𝑁𝑁𝑁 represent the losses for the same actions 

when the object belongs to the complement of 𝐶𝐶, denoted ¬𝐶𝐶  

The conditional probability Pr (𝐶𝐶|[𝑥𝑥]) represents the 

likelihood of object 𝑥𝑥 belonging to class 𝐶𝐶 given its 

equivalence class [𝑥𝑥]   oor each action 𝑎𝑎𝑖𝑖, the expected loss 

R(𝑎𝑎𝑖𝑖|[𝑥𝑥]) is determined by combining the losses and the 

corresponding probabilities of the object belonging to either 𝐶𝐶
or ¬𝐶𝐶, as shown in the following formulas:

R(𝑎𝑎𝑃𝑃|[𝑥𝑥]) = 𝜆𝜆𝑃𝑃𝑃𝑃 Pr(𝐶𝐶|[𝑥𝑥]) + 𝜆𝜆𝑃𝑃𝑃𝑃 Pr(¬𝐶𝐶|[𝑥𝑥]) (1)

R(𝑎𝑎𝐵𝐵|[𝑥𝑥]) = 𝜆𝜆𝐵𝐵𝐵𝐵 Pr(𝐶𝐶|[𝑥𝑥]) + 𝜆𝜆𝐵𝐵𝐵𝐵 Pr(¬𝐶𝐶|[𝑥𝑥]) (2)

R(𝑎𝑎𝑁𝑁|[𝑥𝑥]) = 𝜆𝜆𝑁𝑁𝑁𝑁 Pr(𝐶𝐶|[𝑥𝑥]) + 𝜆𝜆𝑁𝑁𝑁𝑁 Pr(¬𝐶𝐶|[𝑥𝑥]) (3)

The Bayesian decision process defines the following rules to 

minimize decision costs  

(P) If R(𝑎𝑎𝑃𝑃|[𝑥𝑥]) ≤ R(𝑎𝑎𝐵𝐵|[𝑥𝑥])  and R(𝑎𝑎𝑃𝑃|[𝑥𝑥]) ≤ R(𝑎𝑎𝑁𝑁|[𝑥𝑥])   
decide 𝑥𝑥 ∈ 𝑃𝑃𝑃𝑃𝑃𝑃(𝐶𝐶);
(B) If R(𝑎𝑎𝐵𝐵|[𝑥𝑥]) ≤ R(𝑎𝑎𝑃𝑃|[𝑥𝑥])  and R(𝑎𝑎𝐵𝐵|[𝑥𝑥]) ≤ R(𝑎𝑎𝑁𝑁|[𝑥𝑥])   
decide 𝑥𝑥 ∈ 𝐵𝐵𝐵𝐵𝐵𝐵(𝐶𝐶);
(N) If R(𝑎𝑎𝑁𝑁|[𝑥𝑥]) ≤ R(𝑎𝑎𝑃𝑃|[𝑥𝑥])  and R(𝑎𝑎𝑁𝑁|[𝑥𝑥]) ≤ R(𝑎𝑎𝐵𝐵|[𝑥𝑥])   
decide 𝑥𝑥 ∈ 𝑁𝑁𝑁𝑁𝑁𝑁(𝐶𝐶).
iince the sum of probabilities Pr(𝐶𝐶|[𝑥𝑥]) + Pr(¬𝐶𝐶|[𝑥𝑥]) equals 

1, we can simplify the decision rules by focusing only on the 

probability Pr(C|[x]) and the loss function  By assuming 

appropriate loss functions where 𝜆𝜆𝑃𝑃𝑃𝑃 ≤ 𝜆𝜆𝐵𝐵𝐵𝐵 ≤ 𝜆𝜆𝑁𝑁𝑁𝑁 and 𝜆𝜆𝑃𝑃𝑃𝑃 ≤
𝜆𝜆𝐵𝐵𝐵𝐵 ≤ 𝜆𝜆𝑁𝑁𝑁𝑁 , the decision rules for the three actions can be 

simplified as follows:

(P1) If Pr(𝐶𝐶|[𝑥𝑥]) ≥ 𝛼𝛼  and Pr(𝐶𝐶|[𝑥𝑥]) ≥ 𝛾𝛾   decide 𝑥𝑥 ∈
𝑃𝑃𝑃𝑃𝑃𝑃(𝐶𝐶);
(B1) If Pr(𝐶𝐶|[𝑥𝑥]) ≤ 𝛼𝛼  and Pr(𝐶𝐶|[𝑥𝑥]) ≥ 𝛽𝛽   decide 𝑥𝑥 ∈
𝐵𝐵𝐵𝐵𝐵𝐵(𝐶𝐶);
(N1) If Pr(𝐶𝐶|[𝑥𝑥]) ≤ 𝛽𝛽  and Pr(𝐶𝐶|[𝑥𝑥]) ≤ 𝛾𝛾   decide 𝑥𝑥 ∈
𝑁𝑁𝑁𝑁𝑁𝑁(𝐶𝐶).
The threshold values 𝛼𝛼, 𝛽𝛽, 𝛾𝛾 are given by:

𝛼𝛼 = (𝜆𝜆𝑃𝑃𝑃𝑃−𝜆𝜆𝐵𝐵𝐵𝐵)
(𝜆𝜆𝑃𝑃𝑃𝑃−𝜆𝜆𝐵𝐵𝐵𝐵)+(𝜆𝜆𝐵𝐵𝐵𝐵−𝜆𝜆𝑃𝑃𝑃𝑃)

(4)



1894 Q. Zhao  et al. / IFAC PapersOnLine 59-10 (2025) 1892–1897

𝛽𝛽 = (𝜆𝜆𝐵𝐵𝐵𝐵−𝜆𝜆𝑁𝑁𝑁𝑁)
(𝜆𝜆𝐵𝐵𝐵𝐵−𝜆𝜆𝑁𝑁𝑁𝑁)+(𝜆𝜆𝑁𝑁𝑁𝑁−𝜆𝜆𝐵𝐵𝐵𝐵)

(5)

𝛾𝛾 = (𝜆𝜆𝑃𝑃𝑃𝑃−𝜆𝜆𝑁𝑁𝑁𝑁)
(𝜆𝜆𝑃𝑃𝑃𝑃−𝜆𝜆𝑁𝑁𝑁𝑁)+(𝜆𝜆𝑁𝑁𝑁𝑁−𝜆𝜆𝑃𝑃𝑃𝑃)

(6)

The conditions for rule (B1) establish a clear boundary, 

resulting in the requirement that 𝛼𝛼 should be greater than 𝛽𝛽 

(𝜆𝜆𝐵𝐵𝐵𝐵−𝜆𝜆𝑃𝑃𝑃𝑃)
(𝜆𝜆𝑃𝑃𝑃𝑃−𝜆𝜆𝐵𝐵𝐵𝐵)

< (𝜆𝜆𝑁𝑁𝑁𝑁−𝜆𝜆𝐵𝐵𝐵𝐵)
(𝜆𝜆𝐵𝐵𝐵𝐵−𝜆𝜆𝑁𝑁𝑁𝑁)

(7)

It implies 0 ≤ 𝛽𝛽 < 𝛾𝛾 < 𝛼𝛼 ≤ 1   After resolving any ties, the 

following simplified decision rules are derived:

(P2) If Pr(𝐶𝐶|[𝑥𝑥]) ≥ 𝛼𝛼  decide 𝑥𝑥 ∈ 𝑃𝑃𝑃𝑃𝑃𝑃(𝐶𝐶);
(B2) If 𝛽𝛽 < Pr(𝐶𝐶|[𝑥𝑥]) < 𝛼𝛼  decide 𝑥𝑥 ∈ 𝐵𝐵𝐵𝐵𝐵𝐵(𝐶𝐶);
(N2) If Pr(𝐶𝐶|[𝑥𝑥]) ≤ 𝛽𝛽  decide 𝑥𝑥 ∈ 𝑁𝑁𝑁𝑁𝑁𝑁(𝐶𝐶).
The threshold parameters 𝛼𝛼 and 𝛽𝛽 can be systematically 

determined from the loss functions based on the Bayesian 

decision procedure, providing a solid theoretical foundation as 

derived from (P2) -(N2) 

3. THE NOVEL TWD FRAMEWORK

In this section, we introduce a novel TWD framework that 

enhances decision-making under uncertainty. The framework 

is built upon two key components: determining the conditional 

probability and defining the relative loss function. These two 

elements are essential for classifying objects and making 

informed decisions. 

3.1 Conditional probability determination

A set of alternatives is denoted as A = {𝑎𝑎1, 𝑎𝑎2, … , 𝑎𝑎𝑚𝑚}, and 

each alternative is described by a set of criteria 𝐶𝐶 =
{𝑐𝑐1, 𝑐𝑐2, … , 𝑐𝑐𝑛𝑛}. Each alternative 𝑎𝑎𝑖𝑖 is associated with an 

attribute vector 𝑥𝑥𝑖𝑖 = (𝑥𝑥𝑖𝑖1, 𝑥𝑥𝑖𝑖2, … , 𝑥𝑥𝑖𝑖𝑖𝑖)𝑇𝑇 , where 𝑥𝑥𝑖𝑖𝑖𝑖 represents 

the value of alternative 𝑎𝑎𝑖𝑖 under criterion 𝑐𝑐𝑗𝑗.
The following steps outline how logistic regression is applied 

to calculate the conditional probabilities of each alternative 

belonging to a given state.

Step 1. Define the input data. The binary labels are denoted as 

the set Y = {0,1}, where 0 and 1 correspond to CM and AM, 

respectively. This is done based on the cost of alternative using 

AM and CM.

Step 2. Train the logistic regression model. Logistic regression 

is used to determine the decision boundary function by 

estimating the conditional probability of class 1 given the 

attributes 𝑥𝑥𝑖𝑖. The model predicts the probability of an 

alternative belonging to class 1 as follows:

𝑃𝑃(𝑌𝑌 = 1⁡| 𝑥𝑥𝑖𝑖) = 𝜎𝜎(𝑊𝑊𝑇𝑇𝑥𝑥𝑖𝑖 ) (8)

where 𝜎𝜎(𝑧𝑧 ) = 1
1+𝑒𝑒−𝑧𝑧 is the sigmoid function, W =

(w1,w2, … ,wn)T is the vector of weights. 𝑥𝑥𝑖𝑖 =
(𝑥𝑥𝑖𝑖1, 𝑥𝑥𝑖𝑖2, … , 𝑥𝑥𝑖𝑖𝑖𝑖)𝑇𝑇 is the attribute vector for alternative 𝑎𝑎𝑖𝑖.
Step 3. Expand the exponent 𝑧𝑧. The exponent 𝑧𝑧 in the sigmoid 

function is a linear combination of the attribute values and 

their corresponding weights. Specifically, for each alternative 

𝑎𝑎𝑖𝑖, we compute:

𝑧𝑧 = 𝑊𝑊𝑇𝑇𝑥𝑥𝑖𝑖 = (𝑤𝑤1𝑥𝑥𝑖𝑖1 + 𝑤𝑤2𝑥𝑥𝑖𝑖2, +⋯ ,+𝑤𝑤𝑛𝑛𝑥𝑥𝑖𝑖𝑖𝑖) (9)

Step 4. Apply the sigmoid function. Once we have 𝑧𝑧, we apply 

the sigmoid function to calculate the probability of the 

alternative belonging to class 1:

𝑃𝑃(𝑌𝑌 = 1⁡| 𝑥𝑥𝑖𝑖) =
1

1+𝑒𝑒−𝑧𝑧 =
1

1+𝑒𝑒−(𝑤𝑤1𝑥𝑥𝑖𝑖1+𝑤𝑤2𝑥𝑥𝑖𝑖2,+⋯,+𝑤𝑤𝑛𝑛𝑥𝑥𝑖𝑖𝑖𝑖)
(10)

This represents the conditional probability that alternative 𝑎𝑎𝑖𝑖
belongs to class 1.

Step 5. Calculate the conditional probability for class 0. The 

conditional probability of alternative 𝑎𝑎𝑖𝑖 belonging to class 0 is 

simply the complement of the probability for class 1:

𝑃𝑃(𝑌𝑌 = 0⁡| 𝑥𝑥𝑖𝑖) = 1 − 𝑃𝑃(𝑌𝑌 = 1⁡| 𝑥𝑥𝑖𝑖) (11)

Substituting the expression for 𝑃𝑃(𝑌𝑌 = 1| 𝑥𝑥𝑖𝑖), we have

𝑃𝑃(𝑌𝑌 = 0⁡| 𝑥𝑥𝑖𝑖) =
1

1+𝑒𝑒−(𝑤𝑤1𝑥𝑥𝑖𝑖1+𝑤𝑤2𝑥𝑥𝑖𝑖2,+⋯,+𝑤𝑤𝑛𝑛𝑥𝑥𝑖𝑖𝑖𝑖)
(12)

Step 6. Organize results into a matrix. After calculating the 

probabilities for each alternative, we organize them into a 

matrix. For 𝑚𝑚 alternatives and 𝑛𝑛 criteria, the conditional 

probability matrix 𝑃𝑃 is as follows:

𝑃𝑃 = [
𝑃𝑃(𝑌𝑌 = 0⁡| 𝑥𝑥1) 𝑃𝑃(𝑌𝑌 = 1⁡| 𝑥𝑥1)
𝑃𝑃(𝑌𝑌 = 0⁡| 𝑥𝑥2) 𝑃𝑃(𝑌𝑌 = 1⁡| 𝑥𝑥2)

⋮ ⋮
𝑃𝑃(𝑌𝑌 = 0⁡| 𝑥𝑥𝑚𝑚) 𝑃𝑃(𝑌𝑌 = 1⁡| 𝑥𝑥𝑚𝑚)

] (13)

3.2 Loss function determination

The decision-maker must consider the costs of choosing 

different actions (choosing AM or choosing CM) based on the 

current inventory level, and these choices lead to losses that 

need to be calculated as follows:

(1) When the cost of choosing AM is less than the cost of 

choosing CM at the inventory level 𝑆𝑆 , choosing AM is the 

optimal decision  If CM is chosen instead, a loss occurs  This 

relative loss is defined as 

𝐿𝐿𝐴𝐴𝐴𝐴 =
𝐶𝐶𝐶𝐶𝐶𝐶(𝑆𝑆)−𝐶𝐶𝐴𝐴𝐴𝐴

𝐶𝐶𝐴𝐴𝐴𝐴
+ 1𝑅𝑅(𝑆𝑆) (14)

where 𝐶𝐶𝐶𝐶𝐶𝐶(𝑆𝑆)represents the cost of CM at the inventory level 

𝑆𝑆   𝐶𝐶𝐴𝐴𝐴𝐴 represents the cost of AM  1 ∈ [0,1] is a coefficient 

related to a risk factor, and 𝑅𝑅(𝑆𝑆) is an additional risk which 

quantifies the potential losses arising from decision errors as 

inventory level S changes 

(2) When the cost of choosing AM is more than the cost of 

choosing CM, i e , 𝐶𝐶𝐴𝐴𝐴𝐴 > 𝐶𝐶𝐶𝐶𝐶𝐶 , choosing CM is the optimal 

decision  If AM is chosen instead, the relative loss is defined 

as

𝐿𝐿𝐶𝐶𝐶𝐶 =
𝐶𝐶𝐴𝐴𝐴𝐴−𝐶𝐶𝐶𝐶𝐶𝐶(𝑆𝑆)
𝐶𝐶𝐶𝐶𝐶𝐶(𝑆𝑆)

+ 2𝑅𝑅(𝑆𝑆) (15)

where 2 ∈ [0,1] is coefficient related to a risk factor  All 

other symbols maintain the same meaning as in (14), except 

for the symbol used to represent the risk factor, which is 

specifically denoted as 2 in this case 

The additional risk 𝑅𝑅(𝑆𝑆) is given by:

𝑅𝑅(𝑆𝑆) = 𝑃𝑃(𝑆𝑆)𝐿𝐿(𝑆𝑆) (16)

where 𝑃𝑃(𝑆𝑆) is the inventory deviation ratio and 𝐿𝐿(𝑆𝑆) is the 

inventory cost difference 

The inventory deviation ratio 𝑃𝑃(𝑆𝑆) can be defined as:

𝑃𝑃(𝑆𝑆) = 𝑆𝑆𝑜𝑜𝑜𝑜𝑜𝑜−𝑆𝑆𝑆𝑆𝑜𝑜𝑜𝑜𝑜𝑜
(17)
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where 𝑆𝑆𝑜𝑜𝑜𝑜𝑜𝑜 is the optimal inventory level, 𝑆𝑆 is the current 

inventory level When inventory is close to 𝑆𝑆𝑜𝑜𝑜𝑜𝑜𝑜, 𝑃𝑃(𝑆𝑆) is low 

(lower risk of decision errors) When inventory is far below 

𝑆𝑆𝑜𝑜𝑜𝑜𝑜𝑜, 𝑃𝑃(𝑆𝑆) approaches 1 (higher risk of decision errors) 

The inventory cost difference, which reflects the impact of 

inventory level changes on production costs, is given by:

𝐿𝐿(𝑆𝑆) = 𝐶𝐶𝐶𝐶𝐶𝐶(𝑆𝑆) − 𝐶𝐶𝐶𝐶𝐶𝐶(𝑆𝑆𝑜𝑜𝑜𝑜𝑜𝑜) (18)

where 𝐶𝐶𝐶𝐶𝐶𝐶(𝑆𝑆) and 𝐶𝐶𝐶𝐶𝐶𝐶(𝑆𝑆𝑜𝑜𝑜𝑜𝑜𝑜) are the costs of CM at inventory 

level S and optimal inventory 𝑆𝑆𝑜𝑜𝑜𝑜𝑜𝑜, respectively 

Additional risk 𝑅𝑅(𝑆𝑆) dynamically adjusts with inventory 

changes  When inventory is close to the optimal level, the 

probability of decision errors is low, resulting in small 

additional risk  As inventory deviates further from the optimal 

level, the probability of making an incorrect decision increases, 

leading to higher additional risk  Therefore, 𝑅𝑅(𝑆𝑆) reflects how 

changes in inventory affect decision risk The relative cost 

associated with each decision under AM or CM is given as 

follows:

Table 2. Relative loss for AM and CM across different decision 

scenarios.

AM CM 

𝑎𝑎𝑃𝑃 0 𝐿𝐿𝐶𝐶𝐶𝐶
𝑎𝑎𝐵𝐵 𝜎𝜎𝐿𝐿𝐴𝐴𝐴𝐴 𝜎𝜎𝐿𝐿𝐶𝐶𝐶𝐶
𝑎𝑎𝑁𝑁 𝐿𝐿𝐴𝐴𝐴𝐴 0

where 𝐿𝐿𝐴𝐴𝐴𝐴 is the relative loss incurred when making decision 

𝑎𝑎𝑁𝑁 under AM; 𝐿𝐿𝐶𝐶𝐶𝐶 is the relative loss incurred when making 

decision 𝑎𝑎𝑁𝑁 under CM; 𝜎𝜎𝐿𝐿𝐴𝐴𝐴𝐴 is the relative loss incurred when 

making decision 𝑎𝑎𝐵𝐵 under AM, 𝜎𝜎𝐿𝐿𝐶𝐶𝐶𝐶 is the relative loss 

incurred when making decision 𝑎𝑎𝐵𝐵 under CM  The parameter 

𝜎𝜎 ∈ [0,1] is used for calculating losses for putting the object 

into the boundary regions (Jia et al  (2020). 

According to TWD rules, the thresholds values 𝛼𝛼 , 𝛽𝛽 , 𝛾𝛾 are 

given by

𝛼𝛼 = (1−𝜎𝜎)𝐿𝐿𝐴𝐴𝐴𝐴
(1−𝜎𝜎)𝐿𝐿𝐴𝐴𝐴𝐴+𝜎𝜎𝐿𝐿𝐶𝐶𝐶𝐶

(19)

𝛽𝛽 = 𝜎𝜎𝐿𝐿𝐴𝐴𝐴𝐴
𝜎𝜎𝐿𝐿𝐴𝐴𝐴𝐴+(1−𝜎𝜎)𝐿𝐿𝐶𝐶𝐶𝐶

(20)

𝛾𝛾 = 𝐿𝐿𝐴𝐴𝐴𝐴
𝐿𝐿𝐴𝐴𝐴𝐴+𝐿𝐿𝐶𝐶𝐶𝐶

(21)

Then, the following simplified rules are obtained:

(P3) If Pr(𝑦𝑦 = 1|[𝑥𝑥𝑖𝑖]) ≥ 𝛼𝛼  𝑥𝑥𝑖𝑖 chooses AM 

(B3) If 𝛽𝛽 < Pr(𝑦𝑦 = 1|[𝑥𝑥𝑖𝑖]) < 𝛼𝛼  𝑥𝑥𝑖𝑖 is uncertain 

(N3) If Pr(𝑦𝑦 = 1|[𝑥𝑥𝑥𝑥𝑖𝑖]) ≤ 𝛽𝛽 𝑥𝑥𝑖𝑖 chooses CM.

4. CASE STUDY 

In this section, we present our preliminary application of the 

proposed framework. Specifically, we utilized the dataset from 

the study by Lolli et al. (2024), which analyzed the economic 

feasibility of managing spare parts across a fleet of systems 

using either CM or on-demand AM with insourced printers. In 

their study, an optimization model was proposed to optimize 

spare parts management using insourced printers. This model 

was tested on 2187 scenarios using a full factorial comparison

where different parameters were varied. Specifically, 

scenarios were built varying the Mean Time to Failure (MTTF)

of CM part, and subsequently the one of AM parts following 

the relation found in Sgarbossa et al. (2021), backorder cost,

the cost of AM/CM parts, their lead time and production time 

of AM parts. For each tested scenario, the authors identified 

the stock constraints that favor printer insourcing. This was 

done by testing the model without stocks constrained for each 

instance, then if AM was not economically convenient stock 

constraints were introduced until it became profitable to print 

the parts. Building on this data, we applied our novel TWD 

model to classify spare parts based on their characteristics (e.g., 

purchasing cost of the CM, backorder cost, production cost of 

the AM, parts failure rates in CM or AM, number of parts to 

be managed, lead time and production time of the AM part) 

into CM, AM and uncertainty. 

4.1 Data analysis

For each kind of spare part, the data analysis is conducted 

assuming no risk factors are considered, i.e., 1 = 2 = 0 In 

the sensitivity analysis section, we will examine how the risk 

factors affect classification. For the parameter 𝜎𝜎 ∈ [0,1], used 

to calculate the losses for placing the object into the boundary 

regions, is set to 𝜎𝜎 = 0.92 . This value was selected after 

conducting a sensitivity analysis, ensuring that the model 

remains stable and produces consistent results across a range 

of inputs. After setting all the parameters, we can calculate the 

expected losses for the three options: AM, CM, and 

uncertainty. The expected losses for each category of spare 

parts under the AM option are shown in Fig. 1, while the 

expected losses for each category of spare parts under the CM 

option are shown in Fig. 2. From Fig. 1, we observe that the

223rd spare part incurs the lowest loss when choosing AM. 

This indicates that this type of spare part is most likely to prefer 

the AM option. Similarly, from Fig. 2, we can see that the 

507th, 1236th, and 1965th spare parts incur the lowest loss 

when choosing CM. This suggests that these types of spare 

parts are most likely to favor the CM option.

Figure 1. Ranking of 2187 parts based on AM cost.

In Table 3, we can see all the attribute values for these four 

kinds of spare parts, where the criteria include purchasing cost 

of the AM ( 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐴𝐴𝐴𝐴), purchasing cost of the CM ( 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶),

backorder cost (BC), mean time to failure of the spare part 

made with production mode (MTTF) level, review period and 

lead time of the CM (T-LT), and production time of the AM 

option ( 𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ). orom Table 3, we can see that the

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶, BC and T -LT for the 223rd spare part are higher than 

those of the other spare parts  On the other hand, the 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐴𝐴𝐴𝐴
and MTTo are lower compared to the other spare parts 

Particularly, the difference between the two choices is 

significant with respect to the BC and purchasing cost of CM  
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Next, the largest difference is observed in the purchasing cost 

of AM Therefore, we can infer that BC and purchasing cost of 

CM are key criteria when deciding whether to use AM or CM 

for the spare part 
Table 3. The attribute values of spare parts.

Spare 

parts
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐴𝐴𝐴𝐴

[€ /part]

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶
[€ /part]

BC 
[€ 

/week*part

]

MTT

o
[week]

T -

LT
[week

]

𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
[week]

223rd 100 500 50000 1 24 0.1

507th 250 30 2000 3 4 0.3

1236t

h

250 30 2000 3 14 0.1

1965t

h

250 30 2000 3 4 0.3

Figure 2. Ranking of 2187 parts based on CM cost.

Figure 3. Classification results for 2187 parts using our method 

compared to Lolli et al.'s method.

From Fig. 3, we observe the classifications made by our 

framework compared to those of Lolli et al.'s approach. A key 

difference is that Lolli et al. classify spare parts into only two 

categories, which carries some risk and may not align with 

practical situations-certain spare parts may require dual 

sourcing. In Fig. 3(a), 702 spare parts are classified as 

uncertain, indicating the need for further consideration, as 

choosing AM or CM alone is insufficient. For these 702 spare 

parts, additional information should be gathered for further 

reassessment, allowing managers to make more informed 

decisions. This helps reduce the risk of costly errors and 

enhances overall decision-making outcomes. However, this 

reassessment is left for future extension of this work. 

4.2 Sensitivity analysis

Initially, we set risk factors 1 = 2 = 0 . Now, we will 

examine the sensitivity of the classification results.

When 1 = 0, the value of 2 ranges from 0 to 0.7 with an 

interval of 0.1. From Fig. 4, we can observe that as 2
increases, the number of spare parts selected for AM decreases

and the number of spare parts selected for CM also decreases. 

This suggests that if the managers want a higher percentage of 

parts managed through AM or CM, they should set a lower risk 

factor 2.

When 2 = 0, the value of 1 ranges from 0 to 0.7 with an 

interval of 0.1. From Fig. 5, we can observe that as 1
increases, the number of spare parts selected for AM increases, 

and the number of spare parts selected for CM also increases

and the amount of uncertainty decreases. This suggests that if 

the managers want a higher percentage of parts managed 

through AM or CM, they should set a higher risk factor 1.

These two risk factors can be determined based on the 

experience and risk attitude of decision experts, or it can be 

optimized through data modeling. It can then be applied to 

different scenarios and fields.

Figure 4. The distribution of spare parts classified as AM, CM, and 

uncertain across different values of 2.

Figure 5. The distribution of spare parts classified as AM, CM, and 

uncertain across different values of 1.

5. CONCLUSIONS

Spare parts classification between CM and AM productions 

remains a critical issue, yet there is limited research addressing 

the risk of this misclassification, which can lead to significant 

cost increases. This study improves upon previous work by 

proposing a novel TWD framework that incorporates risk 

factors, offering a more comprehensive approach to decision-

making. By integrating logistic regression for conditional 

probability estimation and relative loss functions for cost 

analysis, our model enhances accuracy and adaptability in 

spare parts production. Unlike prior models, our approach 

acknowledges the risk of misclassification, making it more 
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reliable for real-world applications. Being a first exploratory 

study limitations include the limited data tested and the 

specific focus on spare parts. However, future research can 

focus on expanding this framework to various industries, such 

as automotive, military and healthcare. In those applications

the framework can be suitable to spare parts but also to others 

finished products going beyond the specific case study here 

proposed. Additionally, while applying this framework in 

different industries for different specific products the risk 

factors (1 and 2) must be tailored based on industry-product 

specific needs. This will help optimize decision-making and 

further improve the model's practical applicability. Lastly, 

future extension of this work must provide a structured 

approach to gather additional information on the parts 

classified as uncertain to guide decision makers on this re-

assessment phase. 
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