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Abstract
The growing complexity of manufacturing processes and the increasing diversity of decision-making tools present chal-
lenges in selecting effective approaches for process optimisation. Many existing tools are either too narrowly focused or 
inconsistently applied across sectors, limiting their broader impact. Additionally, the lack of clear integration strategies often 
hinders their full implementation in industrial settings. This systematic review examines decision-making tools that enable 
comparative assessments applied at the unit process level in manufacturing, covering both the selection between compet-
ing manufacturing routes and the optimisation of specific processes. A total of 37 journal articles were selected through a 
structured database search and evaluation process. The review analyses commonly used tools such as Multi-Criteria Deci-
sion Analysis (MCDA), Life Cycle Assessment (LCA), and Direct Comparison, highlighting their applications, benefits and 
limitations. Findings show that MCDA offers robust, multi-dimensional evaluations but is often constrained by complexity 
and data demands. In contrast, simpler methods like Direct Comparison provide more accessible insights but with a limited 
scope. Advanced tools such as Deep Learning and Computational Simulations hold promise but face challenges in scaling 
beyond the process level. Notably, there is limited integration of sustainability metrics within process-level decision-making. 
To address this, the study proposes a structured framework to guide future research and implementation, focusing on data 
management, AI integration and tool scalability. The results highlight the need for hybrid approaches that combine different 
tools to balance trade-offs and support long-term sustainability and operational efficiency in manufacturing systems.
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1  Introduction

Manufacturing is a cornerstone of modern economies, driv-
ing technological advancements, economic growth and 
societal development. At its core, manufacturing encom-
passes a plethora of processes, systems and strategies that 
collectively contribute to producing goods and services. It 
is responsible for US$35tn of output in 2024 globally with 
5.46 m enterprises [1]. The complexity of manufacturing 
systems, comprising products, equipment, personnel, infor-
mation and control mechanisms, necessitates robust tools 
and methods to ensure efficiency, sustainability and com-
petitiveness in the global market [2, 3].

The importance of manufacturing processes cannot be 
overstated, as they form the foundation of production sys-
tems, influencing product quality, cost-efficiency and envi-
ronmental impact. Manufacturing processes are not just 
isolated operations but integral components of larger sys-
tems that must be optimised to meet market demands and 
regulatory standards. For example, machining a metal com-
ponent for an automotive engine involves precision cutting 
and shaping to achieve the required tolerances and surface 
finish. This single-unit process directly impacts the engine's 
performance and longevity, as well as the overall manufac-
turing cost and environmental footprint. At the same time, 
the adoption of advanced 4.0 technology, such as artificial 
intelligence, robotics and the Internet of Things (IoT), has 
the potential to improve overall efficiency and productivity 
while reducing costs. However, leveraging these technolo-
gies adds complexity to operating and optimising such pro-
cesses [4].
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Therefore, decision-making at the unit process level, 
such as selecting between machining or casting for a spe-
cific component, plays a critical role in determining the 
overall success of manufacturing systems. Given the multi-
faceted nature of manufacturing, decision-makers are often 
confronted with complex challenges that require careful 
consideration of multiple factors. These factors include 
cost, quality and sustainability [5]. While heuristics and 
rules of thumb are often used for decision-making in man-
ufacturing due to their simplicity and ease of application, 
they fall short in addressing the growing complexity of 
modern manufacturing systems. These methods lack the 
ability to systematically analyse trade-offs between con-
flicting factors and are prone to subjective biases. In con-
trast, structured decision-making tools provide a robust, 
data-driven approach, enabling manufacturers to handle 
the intricate interdependencies of their operations and 
optimise processes with greater accuracy and scalability. 
To navigate these challenges, various decision-making 
tools and approaches have been developed. These tools are 
established through the support of a variety of techniques 
ranging from benchmarking and monitoring methods [6, 
7] to multi-criteria decision analysis (MCDA) [8, 9] and 
the increasingly widespread use of artificial intelligence 
(AI) [10, 11], each offering unique advantages and limita-
tions depending on the context of their application.

Decision-making tools are particularly vital at the pro-
cess level, where detailed analysis of specific manufac-
turing processes can significantly improve efficiency and 
sustainability [12]. Furthermore, comparing processes is 
paramount, enabling a more informed evaluation of differ-
ent methods, practices and standards. Comparative analy-
sis allows for a nuanced understanding of how various 
processes perform under similar or differing conditions, 
making it possible to identify the most suitable possibility 
for given requirements [13–15]. This analysis also serves 
as the foundation for performance evaluation by establish-
ing benchmarks and competitive priorities [16].

Such decision-making is especially important in manu-
facturing, where decisions often need to be made regard-
ing which processes to implement or enhance based on 
multiple, and sometimes conflicting, factors. This study 
systematically reviews decision-making concepts and 
approaches targeting unit manufacturing processes. The 
review aims to explore the tools available for process-level 
decision-making, including those with broader implica-
tions for system-level decisions. The primary focus is on 
methods involving comparative evaluation. By doing so, 
this study seeks to uncover strategies that evaluate indi-
vidual processes and provide a broader understanding of 
how these processes perform relative to one another. The 
scope of this review is intentionally broad, encompassing 
diverse industries and manufacturing contexts, to identify 

common trends, gaps in the literature and opportunities 
for further research.

The findings of this study can guide manufacturers, 
researchers and policymakers in selecting and implement-
ing effective decision-making tools to optimise production 
processes. By providing a comprehensive overview of com-
parative methods, the study also highlights areas for inno-
vation and encourages the development of tailored tools for 
specific manufacturing needs.

2 � Literature review

2.1 � Decision‑making tools in manufacturing

Decision-making tools are crucial for optimising and 
improving manufacturing processes. These tools offer struc-
tured methods for evaluating multiple factors, such as cost, 
quality, sustainability, and efficiency, which are essential for 
driving improvements in manufacturing operations [17, 18]. 
Over time, various approaches have been developed to aid 
decision-makers in balancing trade-offs and selecting the 
best strategies in complex industrial settings.

These tools provide a means of systematically assessing 
processes and making informed decisions across different 
operational levels, from individual production processes to 
broader system-wide evaluations. Depending on the opera-
tional focus, the impacts of these tools can vary from direct 
improvements in production at the process level [19] to more 
comprehensive gains in sustainability or resource optimi-
sation when applied at the system or organisational level 
[20]. Their procedure may range from qualitative methods to 
more data-driven, quantitative models, helping manufactur-
ers assess both current operations and future scenarios. By 
applying decision-making tools at different levels of manu-
facturing, companies can address specific operational chal-
lenges while improving overall production efficiency and 
strategic alignment [21, 22]. The adoption and integration 
of such tools have led to notable advancements in numer-
ous operating aspects across various industries [23, 24]. 
However, challenges remain, particularly in ensuring data 
availability, managing complexity, and adapting tools to new 
technologies and manufacturing contexts [25, 26].

2.2 � Analysis of manufacturing processes

Analysing manufacturing processes is essential for identify-
ing inefficiencies, optimising resource use and improving 
overall production quality. This analysis often includes eval-
uating different processing levels, from individual processes 
to entire production systems. The focus can be exclusively 
on particular processes. Still, it can also adopt a bottom-up 
approach where improvements at the process level trickle 
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upwards, ultimately impacting the entire production sys-
tem or facility [27]. Various methodologies are employed 
to achieve these goals, each focusing on different aspects of 
the manufacturing process [28].

The need for thorough and systematic process evaluation 
has driven the development of more advanced methods for 
capturing the complexity of modern manufacturing systems. 
As new challenges arise, such as shifts toward more sus-
tainable or digital manufacturing practices, further research 
and innovation in process analysis will be needed to address 
these evolving requirements [29, 30].

2.3 � Previous related work

Several review studies have explored various decision-
making tools and methods within different manufacturing 
contexts, offering insights into their applications, benefits 
and limitations. For instance, Ng et al. [31] focused on the 
application of machine learning (ML) tools in additive 
manufacturing, particularly in areas such as quality control, 
process optimisation and material formulation. This review 
provided a comprehensive analysis of how machine learning 
enhances these aspects within the additive manufacturing 
sector, highlighting the strengths and the areas where further 
research is needed. In parallel, a study by Mallioris et al. 
[32] on predictive maintenance applications across diverse 
manufacturing sectors discovered a high dependence on ML 
approaches to predictive maintenance across various sectors.

In a more expansive context, several reviews have 
explored the application of AI in manufacturing. Elahi 
et al. [33] examined the implementation of AI techniques 
throughout the lifecycle of industrial equipment, from design 
to recycling, emphasising the role of AI in optimising pro-
cess control and decision-making across the major phases 
of an industrial equipment lifecycle. Similarly, Hoffmann 
and Reich [34] specifically assessed the use of AI in visual 
quality control for defect detection, identifying gaps in cur-
rent research, particularly the limited use of AI in explaining 
decision-making processes in quality assurance.

Other reviews concentrated on the various selection and 
optimisation techniques included under the umbrella of 
MCDA tools. For instance, a study by Raja and Rajan [35] 
explored utilising MCDA modelling in additive manufactur-
ing, mainly focusing on polymer technology. They explored 
the challenges and opportunities presented by these meth-
ods, underscoring their importance in overcoming specific 
optimisation issues. Similarly, a review by Jamwal et al. [36] 
examined the use of MCDA techniques in sustainable manu-
facturing, offering insights into how these tools support deci-
sion-making processes to achieve sustainability goals within 
various manufacturing sectors. The application ranged from 
material selection to scheduling to identifying factors and 
drivers of sustainable manufacturing.

Broad reviews have also been conducted on target moni-
toring approaches. For instance, Ravelomanantsoa et al. [37] 
explored approaches devoted to the design and implementa-
tion of performance measurement systems for production 
functions spanning supply, manufacturing, and distribution. 
They aspired to aid companies and consultants in choosing 
the most appropriate approach based on the availability and 
depth of performance indicators.

Lastly, studies have focused on integrating advanced tech-
nologies in manufacturing decision-making. For instance, 
Inturi et al. [38] review of digital twins in transmission and 
industrial machinery provided a detailed analysis of their 
definitions, applications, and performance in enhancing 
manufacturing and lifecycle management. Similarly, Wu and 
Liang [39] investigated intelligent data acquisition and pres-
entation methods in manufacturing, emphasising the inte-
gration of process knowledge, management, and decision-
making to enhance operational efficiency. Likewise, Sekaran 
et al. [40] explored the application of virtual reality (VR) 
in digital factory simulations. These illustrate how VR aids 
in the efficient operation of manufacturing facilities. These 
studies have provided unique insights into integrating these 
technologies into manufacturing decision-making.

Table 1 compares surveys according to whether they are 
sector-specific or general across industries, whether they 
focus on a particular decision-making tool or cover multi-
ple tools, and whether their analysis is framed at the process 
level rather than only at broader product, system, or facility 
scales.

2.4 � Identified research gaps

Although previous reviews have offered valuable insights 
into specific tools, techniques, and industries, several 
important gaps remain. Many studies are limited in scope, 

Table 1   Comparison of the scope of previous surveys and the present 
study

Ref Year Non-sector 
specific

Non-tool 
specific

Process level

[31] 2024 x x ✓
[32] 2024 ✓ x x
[33] 2023 x x x
[34] 2023 x x x
[35] 2023 x x ✓
[36] 2020 ✓ x ✓
[37] 2017 ✓ x x
[38] 2024 x x ✓
[39] 2024 ✓ x x
[40] 2021 ✓ x ✓
This study 2024 ✓ ✓ ✓
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concentrating on a single sector or a narrow group of tools, 
which restricts opportunities for cross-sector learning at 
the unit-process level. The present review addresses this 
by synthesising studies from multiple sectors and tool 
families, allowing comparisons that reveal both common-
alities and sector-specific practices. A further limitation is 
that much of the literature evaluates processes in isolation 
without incorporating a comparative perspective. This gap 
is addressed here through the inclusion of studies with a 
clear comparative element, as well as an analysis of how 
such comparisons are constructed and interpreted at the 
process level.

Previous reviews have also provided limited linkage 
between methods, impact areas, and bases of comparison, 
leaving uncertainty about which tools target particular out-
comes or rely on specific indicators. In this review, these 
linkages are made explicit through systematic coding and 
cross-thematic analysis. Sustainability considerations are 
frequently treated separately from technical and economic 
factors, which reduces the ability to evaluate trade-offs. 
The integration of environmental, technical, and financial 
perspectives within this study highlights both areas of 
convergence and remaining gaps. Another shortcoming in 
earlier work has been the inconsistent treatment of opera-
tional levels, with little clarity on how process-level tools 
can scale to facility or system levels. This review classifies 
tools according to their operational scope and examines 
their scalability in greater detail.

Finally, practical advice is rarely provided in earlier 
reviews. In contrast, this paper offers a structured imple-
mentation guide with clear steps for adopting decision-
making tools in manufacturing settings. By explicitly link-
ing these research gaps with the contributions made, this 
review advances both academic understanding and practi-
cal application of decision-making tools at the manufac-
turing process level.

2.5 � Research questions

Based on the scope and focus of the review, the following 
research questions have been formulated:

1.	 What decision-making methods and approaches are cur-
rently used at the process level in manufacturing, and 
how do they vary in their application?

2.	 What are the key impacts and limitations of exist-
ing decision-making methods, and how can these be 
addressed in future research?

3.	 How can these methods be integrated into manufacturing 
systems to support effectiveness and scalability?

3 � Methodology

This study employed a systematic literature review (SLR) 
to provide a comprehensive overview of decision-making 
tools at the manufacturing process level. It focused on com-
parative analysis across or within different sectors. Figure 1 
highlights the growing academic interest in decision-making 
tools for manufacturing. Over the past decade, the number of 
publications has increased steadily, reflecting a heightened 
focus on improving process efficiency and optimisation by 
utilising various tools and approaches.

Initial search queries using broad terms and synonyms 
like “manufacturing decision tools” demonstrated a general 
interest, yielding around 13,000 articles. However, when 
refining the search to focus on analyses between processes, 
the number of relevant publications narrowed to approxi-
mately 1,400 studies. Incorporating terms like “Compara-
tive” has further reduced the results to 500 studies. This sig-
nificant reduction points to the specialised nature of research 
in comparative decision-making at the manufacturing pro-
cess level but also underscores its growing relevance within 
the academic community.

Fig. 1   From 2014 to 2024, the 
number of articles retrieved 
from Scopus showed progres-
sive keyword inclusion. It dis-
plays the keyword search results 
for 'Comparative Manufactur-
ing Process Decision Tools', 
'Manufacturing Process Deci-
sion Tools' and 'Manufacturing 
Decision Tools'
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This trend not only signals an increasing recognition of 
the importance of comparative analysis in process decision-
making but also indicates a shift toward more precise, data-
driven evaluations. The analysis revealed that over time, 
research has increasingly emphasised the importance of 
comparing different manufacturing processes across and 
within sectors to identify optimal approaches for production 
effectiveness. These findings illustrate the broader transition 
within manufacturing from isolated process enhancement to 
holistic, comparative assessments aimed at fostering innova-
tion and competitiveness.

Consequently, the systematic review method is ideal for 
synthesising and evaluating existing research. It allows for 
identifying knowledge gaps and provides robust insights that 
can inform future studies on decision-making tools for man-
ufacturing processes. The PRISMA 2020 (Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses) guide-
lines ensure transparency, accuracy, and comprehensiveness 
throughout the review process [41]. It offers a 27-item 
checklist and a flow diagram that guides this review's iden-
tification, screening, and inclusion phases, ensuring a clear 
and structured approach to reporting findings.

3.1 � Search strategy and databases

This review identified relevant literature using two primary 
databases: Scopus and Web of Science. These databases 
were selected because they cover a broad range of peer-
reviewed manufacturing and decision-making research stud-
ies, making them highly suitable for this review. Keywords 
and Boolean operators such as "manufacturing process", 
“decision tools", and "comparative analysis" were combined 
to retrieve a comprehensive list of studies. Wildcards and 
synonyms were employed to capture variations of search 
terms, ensuring a broad yet focused set of results. The search 
strings used are displayed in Table 2.

The results were limited to publication dates (from 2010 
onwards), peer-reviewed articles and studies written in Eng-
lish. This strategy aligned directly with the study’s objec-
tives, enabling the identification of robust, process-level 
decision-making tools within manufacturing. By focusing on 

recent advancements and employing comparative analysis, 
the review ensures that established and emerging methods 
are captured, providing insights across multiple sectors.

To avoid reviewing duplicated papers, the entire lists of 
papers that appeared for each of the searching criteria in the 
two databases were exported to Zotero to be compared, and 
347 duplicates were removed. The total number of records 
screened was 494.

In addition to the systematically reviewed studies, 10 
previous review papers were analysed to assess existing 
research gaps and validate the novelty of this study’s focus. 
Furthermore, 72 additional references were used to provide 
context, theoretical background and discussion support for 
the identified decision-making tools. While these supple-
mentary references were not part of the systematic selection 
process, they were essential for comparative analysis and 
broader sectoral insights. A complete overview of the search 
terms and the updated PRISMA flowchart is displayed in 
Fig. 2.

3.2 � Study screening and selection criteria

Once the relevant studies were identified, a two-stage screen-
ing process was employed to ensure the inclusion of stud-
ies most appropriate to the research objective. Studies were 
considered if they employed cross-sector comparative analy-
sis methods of manufacturing processes. Conversely, stud-
ies focusing solely on single-process optimisation without 
comparison, i.e. production parameter optimisation or those 
irrelevant to the manufacturing functions, were excluded.

The first phase involved screening titles and abstracts 
against these criteria. This effectively eliminated a large por-
tion of irrelevant material, with 431 records removed during 
this stage. The remaining 64 studies were then sought for 
retrieval for further review. In the second phase, the full text 
of these studies was thoroughly reviewed using the same 
inclusion criteria. At this stage, additional emphasis was 
placed on ensuring that studies demonstrated a clear pro-
gression from aim to method to findings, and those lacking 
sufficient methodological rigour were excluded. This deeper 
analysis resulted in removing an additional 27 studies, leav-
ing only the most relevant papers that focused explicitly 
on decision-making tools that incorporate comparative 
approaches at the manufacturing process level. These two 
screening phases ensured a refined and focused body of lit-
erature directly aligned with the objectives of this research 
on decision-making tools in the manufacturing sector.

3.3 � Data extraction, coding, and analysis

The 37 extracted studies [42–78] were analysed using NVivo 
to facilitate the categorisation of key concepts and identify 
patterns and thematic trends across the studies. The process 

Table 2   Literature review search strings

Database String

Scopus TITLE-ABS-KEY(("manufacturing process*") 
AND decision AND (tool OR approach OR 
model OR method OR analysis OR support) 
AND (compar* OR benchmark*))

Web of Science TS = ("manufacturing process*" AND deci-
sion AND (tool OR approach OR model 
OR method OR analysis OR support) AND 
(compar* OR benchmark*))
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began with a systematic data extraction, where crucial infor-
mation such as the core concept of the decision-making tool 
used, the manufacturing process it targeted, and the out-
comes reported were identified. This ensured consistency 
and allowed for a structured examination of how these tools 
were applied across various industrial settings. To strengthen 
the objectivity of the qualitative coding, the included stud-
ies in NVivo were independently assessed and subjected 
to a coding review to check for consistency. This process 
enhanced inter-coder reliability and ensured that the coding 
framework was applied in a transparent and reproducible 
manner.

The coding structure was further developed through an 
iterative review process, which was used to categorise stud-
ies by key themes, such as the tools' effectiveness, drivers 

of functionality and boundaries. This approach facilitated 
a deeper understanding of the strengths and limitations of 
each tool, highlighting recurring patterns that revealed the 
comparative efficacy of various decision-making method-
ologies. By integrating the data extraction and coding pro-
cesses, the method comprehensively evaluated the selected 
studies, ensuring that key insights and trends were analyti-
cally captured.

4 � Findings and discussion

The findings section aims to provide a comprehensive eval-
uation of the studies included in this review, highlighting 
key themes, trends, and gaps. The section will present and 

Fig. 2   PRISMA Flowchart alongside search terms and scope, indicating the systematically reviewed studies (n = 37), previous reviews for gap 
analysis (n = 10), and additional references for context and discussion (n = 59)
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discuss an analysis of these studies, exploring the evolu-
tion of decision-making tools in manufacturing, as well as 
their impacts, limitations, and intersections among various 
approaches. Additionally, it will identify gaps in the current 
research landscape, offering insights for future work.

4.1 � Overview of included studies

An overview of the extracted 37 research papers is provided, 
highlighting trends in publication frequency over time (Arti-
cles summarised in the Appendix). As reflected in Fig. 3, 
there has been a noticeable increase in the number of stud-
ies published over the last decade. Early contributions were 
relatively scarce, with only one study appearing in 2014. 
However, since 2019, there has been a consistent rise, with 
the highest number of publications recorded between 2020 
and 2023, demonstrating growing academic interest in the 
field. This trend suggests a heightened focus on decision-
making tools in manufacturing, likely driven by the increas-
ing complexity of industrial processes and the demand for 
more efficient and sustainable solutions.

Further examination of the literature on decision-making 
tools revealed various overarching themes, each represent-
ing significant dimensions of decision-making in manufac-
turing. The major themes include “Primary Aim”, “Main 
Method or Concept”, “Industry or Process Group”, “Main 
Bases of Comparison”, “Impact Area”, “Operational Level”, 
“Advantages” and “Limitations”. Each theme encompasses 
multiple subthemes, offering a comprehensive understanding 
of the specific focal points of each study. Table 3 provides 
an overview of the final main themes and their descriptions.

The thematic map, shown in Fig. 4, visually represents 
the key themes and subthemes identified in the review, illus-
trating their hierarchical structure and interconnections. This 
aids in clarifying the breadth and depth of the research focus 
areas, highlighting how decision-making tools have been 
applied across various manufacturing contexts.

4.1.1 � Sectoral analysis

The analysed papers covered a broad range of sectors and 
process groups, with four main categories: generic manufac-
turing, processing techniques, industrial sectors, and func-
tional applications. Each category reflects different focal 
points for decision-making tool development and application 
in manufacturing contexts.

Generic manufacturing refers to research that did not 
emphasise a specific industry but instead applied general 
methodologies applicable across multiple sectors. While 
these studies might not target a single industry, many 
employed case studies in specific sectors to validate their 
approaches. This highlights the adaptability and broader 
applicability of these decision-making tools across various 
manufacturing contexts. Processing techniques, another sig-
nificant category, include methods like shaping and machin-
ing. These studies often focused on enhancing technical 
processes and improving production efficiency in areas tied 
closely to specific processing actions. As these techniques 
are foundational in many manufacturing industries, tailored 
data acquisition methods and analysis were necessary for 
tools to effectively target improvements in these areas. The 
industrial sectors category includes studies on biomaterials, 

Fig. 3   Frequency of analysed 
studies on decision-making 
tools for manufacturing pro-
cesses from 2014 to 2024

Table 3   Overview of key 
coding categories

Code Description

Primary aim Main objectives of decision-making tools
Main method or concept Core methods or approaches used in decision-making
Industry or Process Group Industries or processes where tools are applied
Main bases of comparison Key factors for comparing processes or systems
Impact Area Areas where tools influence manufacturing outcomes
Operational level Levels within manufacturing systems targeted by tools
Impacts and Advantages Positive outcomes and benefits of using decision-making tools
Limitations Challenges and constraints that limit tool effectiveness
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cement, automotive, and other specialised sectors. These 
papers tailored their methodologies to meet the technical 
needs of each industry. Decision-making tools in these 
studies were developed or adjusted based on sector-specific 
requirements, such as material characteristics or process 
constraints, ensuring greater precision in outcomes. The 
diversity across sectors suggests the importance of custom-
ising decision-making tools to align with the unique opera-
tional challenges found in each. Lastly, functional applica-
tions emerged as the most represented category, particularly 
in additive manufacturing (AM), which accounts for a sig-
nificant portion of the research analysed.

Other functional applications include prototyping and 
consumer goods fabrication. This suggests that decision-
making tools targeting functional applications are increas-
ingly being shaped by AM technology advancements, 
focusing on optimising complex processes and improving 
outcomes in production efficiency, sustainability, and cost-
effectiveness [79]. Furthermore, the predominance of AM 
in this analysis points to its growing importance in modern 
manufacturing strategies and the necessity of robust deci-
sion-making tools tailored to these innovative approaches 
[80]. Figure 5 illustrates the distribution of studies across 
these functional and process groups, highlighting the 

Fig. 4   Themes and sub-themes rising from the NVivo coding exercise

Fig. 5   Distribution of indus-
trial focuses of the analysed 
literature
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growing focus on functional applications, particularly in 
AM.

4.1.2 � Analysis of primary aims

The analysis revealed three primary aims, namely, process 
selection, improvement selection and process benchmarking, 
presented in Fig. 6. The most common focus, by far, was 
process selection, with a frequency of 34 occurrences. This 
category involves decisions regarding the choice of manu-
facturing processes for a product, either in development or 
already developed. It can also encompass the selection of an 
optimal manufacturing route, considering the range of avail-
able processes. The prominence of process selection aligns 
with the critical nature of early-stage decisions in manufac-
turing, where selecting the right processes can significantly 
affect factors like production efficiency, quality, and cost 
management [81]. Previous studies have underscored the 
importance of such decisions, suggesting that early-stage 
process selection plays a vital role in determining overall 
operational success [81, 82].

The next most frequent category, process benchmark-
ing, occurred seven times. This category evaluates and 
compares existing processes against industry standards or 
best practices to measure performance. It typically involves 
setting performance metrics and identifying gaps between 
current operations and ideal benchmarks. This approach is 
essential for continuous improvement, allowing organisa-
tions to gauge the efficiency or sustainability of their pro-
cesses concerning competitors or established standards. By 
leveraging benchmarking, companies can identify areas for 
improvement and implement targeted strategies to enhance 

performance, thus maintaining competitiveness in rapidly 
evolving manufacturing landscapes. Process benchmarking 
offers a data-driven method to assess operational success, 
often forming the foundation for future process optimisa-
tions or innovation initiatives [83, 84].

Lastly, improvement selection was identified only once, 
suggesting that it is not a commonly studied area within the 
scope of these papers. This involves choosing strategies to 
enhance an existing process or system without completely 
changing the production method. Improvement selection 
typically reflects incremental changes aimed at process opti-
misation rather than total overhauls. This finding resonates 
with the established focus in the industry on continuous 
improvement methodologies, such as Lean Manufacturing, 
which prioritise incremental adjustments for ongoing opti-
misation [85]. Improvement selection, while less frequent 
than process selection, is crucial for maintaining competi-
tiveness in industries where small efficiency gains can yield 
substantial long-term benefits [86].

4.1.3 � Analysis of core methods and approaches

The analysis of the core methods and concepts utilised in 
the reviewed studies revealed a diverse range of decision-
making tools with varying frequencies of use, as displayed 
in Fig. 7. The category with the highest frequency, MCDA, 
was employed 23 times. MCDA encompasses various tech-
niques to evaluate multiple conflicting criteria in decision-
making scenarios. This category included methodologies 
such as fuzzy logic, Technique for Order of Preference by 
Similarity to Ideal Solution (TOPSIS) and Analytic Hierar-
chy Process (AHP). Notably, many studies combined these 
techniques, integrating two or more methods into a singular 
decision-making framework tailored to specific needs. This 
reflects the growing recognition of the complexity involved 
in decision-making processes within manufacturing, where 
multiple criteria often need to be evaluated simultaneously 
[87]. Following MCDA, a direct comparison was utilised 
in 7 studies, representing a straightforward approach where 
alternatives are compared against each other based on 
selected requirements. While effective for specific appli-
cations, direct comparison may not adequately capture the 
nuances of complex decision-making scenarios, especially 

Fig. 6   Primary aims represented by the analysed approaches

Fig. 7   Tools and approaches 
employed in the analysed 
literature
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in environments characterised by interdependent factors and 
dynamic variables.

Life Cycle Assessment (LCA) was used 4 times to evalu-
ate the environmental impacts associated with all the stages 
of a product's life, from raw material extraction to disposal. 
This method aligns with the increasing importance of sus-
tainability considerations in manufacturing decisions as 
industries strive to minimise their ecological footprint [88, 
89]. However, the relatively low frequency suggests that 
LCA may still be underutilised compared to other methods, 
which could present an opportunity for further research and 
development in this area. Other methods, including compu-
tational simulations, Life Cycle Costing (LCC), Life Cycle 
Energy Assessment (LCEA), and Value Stream Mapping 
(VSM), were each mentioned only once. This infrequent 
usage indicates that while these methodologies can offer 
valuable insights into specific aspects of decision-making, 
they may not yet be fully integrated into the predominant 
decision-making frameworks utilised in the sector.

Computational simulations and deep learning were uti-
lised once each, signalling their emerging role in process-
level decision-making. Simulations offer the advantage of 
modelling various manufacturing scenarios, enabling deci-
sion-makers to predict and optimise outcomes without phys-
ical trials. This makes them particularly useful in dynamic 
manufacturing environments where real-time adjustments 
are critical. While similarly rare in this analysis, deep learn-
ing provides powerful predictive capabilities by learning 
patterns from large datasets, making it well-suited for more 
complex and data-intensive decision-making tasks. How-
ever, both tools have been applied sparingly, likely due to the 
technical expertise and computational resources required for 
their effective implementation [90, 91]. As these technolo-
gies continue to advance and become more accessible, their 
adoption is expected to increase, especially in sectors where 
precision and adaptability are essential.

4.1.4 � Analysis of impact areas

The analysis of the targeted aspects in the reviewed stud-
ies indicated a clear focus on several key areas within the 
decision-making frameworks, displayed in Fig. 8. Sustain-
ability emerged as the most frequently addressed aspect, 

appearing in 22 instances. This highlights the growing 
importance of sustainable practices in manufacturing, 
where decisions increasingly encompass environmental, 
economic, and social considerations. The sustainability 
category predominantly focused on environmental and 
economic impacts, as well as energy consumption and 
emissions, reflecting the industry's recognition of the need 
for a balanced approach to resource utilisation and opera-
tional efficiency [92]. Technical considerations were the 
next most frequent, cited 16 times. This aspect involves 
examining production capabilities, parameters, and the 
technical specifications of products. It underscores the 
critical role that technical factors play in decision-mak-
ing, particularly in ensuring that processes align with the 
intended operational outcomes and product requirements. 
This focus on technical specifications suggests that indus-
tries are prioritising both efficiency and the feasibility and 
excellence of the manufacturing processes. Quality assur-
ance was addressed in 8 studies, indicating its significance 
in the decision-making process. Quality assurance pertains 
to the systematic processes to ensure that products meet 
defined quality standards. The presence of this aspect in 
numerous studies reflects the industry's commitment to 
maintaining high-quality outputs, which is essential for 
competitiveness and customer satisfaction. Product devel-
opment, mentioned twice, focused on selecting processes 
and materials based on the specific product under develop-
ment. This aspect emphasises the importance of aligning 
production methods with product characteristics, capabili-
ties, and material availability. The limited frequency of 
this category compared to others may suggest that while 
product development is crucial, it may often be integrated 
into broader considerations of sustainability and technical 
factors within decision-making frameworks [93]. Lastly, 
the minimal focus on the supply chain, identified only 
once, indicates a potential area for further exploration in 
future studies. Given that supply chain dynamics play a 
critical role in manufacturing operations, more compre-
hensive analyses could yield valuable insights into how 
decision-making tools can be applied effectively across 
the entire supply chain [94].

Overall, the results reflect an industry-wide trend toward 
integrating sustainability and technical considerations into 

Fig. 8   Impact areas covered in 
the literature
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decision-making processes, with a clear recognition of their 
impact on overall performance and competitiveness which 
aligns with conclusions from previous studies [95, 96].

4.2 � Thematic evolution

The evolution of decision-making tools in manufacturing 
can be traced by examining the chronological progression 
of research across sectors, methods, and impact areas. This 
subsection explores the development trends of these tools, 
revealing key milestones and shifts in focus within the litera-
ture. The use of diverse methodologies has expanded in par-
allel with emerging industry needs, technological advance-
ments, and an increasing emphasis on sustainability and 
efficiency. The heatmap in Fig. 9 provides a detailed view 
of the evolution by mapping the publication year against 
the industry sectors, methods employed, and impact areas 
considered in each study. This visual representation reveals 
several important trends over time.

Regarding the sectoral focus of the studies, there has been 
a consistent increase in academic interest in AM, largely 
due to its superior flexibility and customisation potential, 
which allows for complex geometries and reduced material 
waste [97]. Another area of growing interest is machining 
processes, while papers focusing on more generic manufac-
turing methods remain the third most prevalent. It is worth 

noting that, contrary to prevailing expectations, sectors such 
as biomaterials and biofuels have not been as prominently 
featured. This could be attributed to the need for further 
technological development and refinement of these prod-
ucts before decision-making tools can be effectively applied 
to their utilisation [98]. Other sectors and groups are more 
scattered across the timeline, suggesting a more sporadic 
academic interest or niche focus in certain areas.

Regarding the methods and approaches utilised, MCDA 
has seen a notable increase in application, particularly in 
2023. This is likely due to its ability to handle the various 
and often conflicting factors involved in manufacturing 
decision-making, such as cost, efficiency, and sustainability. 
Direct comparison has also been consistently used over the 
years, possibly because of its simplicity and the straightfor-
ward ability to contrast available options. While recognised 
for their analytical power, tools like deep learning and com-
putational simulation have only started gaining traction more 
recently, particularly for process-level decisions. This shift 
likely reflects advancements in computational technology, 
making these tools more accessible and applicable in real-
time decision-making.

In terms of impact areas, sustainability and technical 
considerations have maintained a strong presence through-
out the period, likely due to the increasing global emphasis 
on environmental concerns and the push for more efficient, 

Fig. 9   Thematic evolution heatmap
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technologically advanced manufacturing processes. Quality 
assurance, however, has only gained significant traction in 
the past four years, highlighting the growing recognition of 
the need for consistent product quality as markets become 
more competitive and customer expectations rise. This trend 
underscores a shift in focus from just optimising production 
to ensuring that the end products meet increasingly stringent 
standards.

4.3 � Cross‑thematic analysis

The intersections of the various key parameters of the exam-
ined studies have been explored. This analysis provides key 
insights into how specific decision-making approaches con-
tribute to evaluating manufacturing processes and how those 
evaluations ultimately influence the criteria for comparison.

4.3.1 � Interactions between impact areas

The matrix presented in Fig. 10 provides a detailed view of 
the interactions between various impact areas in decision-
making tools for manufacturing. It reveals how different 
aspects are connected and how they have been considered 
in the analysed studies.

One notable finding is the prominence of quality assur-
ance and environmental impact as key focal points across 
multiple intersections. Quality assurance shows significant 

interactions with other impact areas, including economic 
impact and technical considerations. This suggests that 
ensuring product quality is not an isolated concern but is 
deeply interwoven with cost efficiency and the technical fea-
sibility of processes. Similarly, the frequent intersections 
between environmental impact and areas like economic 
impact and quality assurance emphasise the growing impor-
tance of sustainability, with many studies focusing on mini-
mising environmental footprints while maintaining product 
standards and managing costs.

The central role of economic impact in the matrix fur-
ther highlights the critical balance between financial consid-
erations and other decision-making factors. The economic 
impact frequently appears across the matrix, particularly 
with environmental impact and technical considerations. 
This indicates that cost analysis is pivotal when evaluat-
ing environmental and technical outcomes, showcasing 
the increasing need for integrated approaches that combine 
financial viability with sustainability goals.

In contrast, supply chain considerations show relatively 
limited intersections with other impact areas. While they 
are linked to quality assurance, economic impact, and envi-
ronmental impact, these connections are less frequent. This 
could indicate that supply chain management, though impor-
tant, is often treated separately from immediate process-level 
decisions. However, with the growing complexity of global 
supply networks, future studies may need to focus more on 

Fig. 10   The interactions of 
impact areas with one another
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integrating supply chain impacts into the broader decision-
making framework.

Technical considerations demonstrate strong connec-
tions with multiple areas, particularly economic impact and 
quality assurance, further underscoring the importance of 
technical feasibility in the decision-making process. The 
significant frequency of interactions involving technical 
considerations suggests that many studies prioritise techno-
logical factors as essential criteria, especially when evaluat-
ing manufacturing processes’ potential economic and quality 
outcomes.

Moreover, the Triple Bottom Line, a context for balancing 
environmental, social, and economic factors [99], is primar-
ily connected to environmental and economic impact. This 
reinforces the idea that sustainability, while multidimen-
sional, is often approached through the lens of environmen-
tal and economic outcomes, particularly in manufacturing 
sectors that aim to reduce emissions, energy consumption, 
and waste. The social aspect is not considered solely but 
only as part of a holistic insight.

This cross-analysis of impact areas reveals a complex 
interplay between economic, environmental, and technical 
considerations in decision-making processes. While tra-
ditional factors like cost and quality remain central, there 
is a clear trend towards integrating sustainability, mainly 
through the lens of environmental impact and energy effi-
ciency. However, the relatively lower focus on supply chain 
interactions suggests that further integration of logistics 
and distribution processes into decision-making tools could 
enhance their comprehensiveness in future studies.

4.3.2 � Method, impact area and the bases of comparison

The tools and approaches were analysed in terms of the 
impact areas they address, and these impact areas were fur-
ther examined against the bases of comparison applied in 
the assessments. The combined relationships are displayed 
in Fig. 11 as a Sankey diagram, providing a comprehensive 
overview of the flows from decision-making methods to 
impact areas and then to bases of comparison.

Correlation of methods and impact areas  The analysis of 
methods and their corresponding impact areas reveals key 
patterns in the application of decision-making tools across 
different objectives. Among the reviewed studies, MCDA 
stands out as the most versatile method, applied across a 
wide range of impact areas. It is particularly prominent 
in technical considerations. This indicates its adaptabil-
ity in scenarios where trade-offs between multiple, often 
conflicting criteria are necessary. MCDA's application in 
sustainability-related areas further underscores its strength 
in integrating economic, environmental and technical fac-
tors, which is critical when integrating sustainability aspects 
in modern manufacturing contexts. Previous studies have 
indicated that MCDA is well-suited for environments 
characterised by uncertainty and the need for stakeholder 
involvement, reinforcing its relevance in contemporary 
manufacturing contexts [100, 101].

LCA is primarily associated with environmental and 
energy efficiency considerations, reflecting its traditional 
role in assessing the environmental footprint of processes 

Fig. 11   Flow from decision-making methods to impact areas and then to bases of comparison, presented using a Sankey diagram (the numbers 
represent the quantity of connections)
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and materials. Its strong focus on these impact areas aligns 
with the increasing demand for sustainability assessments 
in production systems. Similarly, LCC is used for evaluat-
ing economic impacts, indicating its utility in cost-based 
sustainability assessments, where economic efficiency is 
weighed against environmental benefits over the life cycle of 
products and processes. While LCA has often been applied 
independently, LCC was used in conjunction with LCA, 
allowing the two methods to complement and address each 
other’s limitations[102]. LCEA, a more specialised life cycle 
technique focusing specifically on energy, has also emerged 
as an option for evaluating the energy consumption and effi-
ciency of manufacturing processes. This approach allows for 
a deeper analysis of energy-related impacts, complementing 
broader sustainability assessments conducted through LCA.

Direct comparisons also show a focused but distinct 
pattern in their application. For instance, it appears rela-
tively balanced across economic, environmental, techni-
cal and quality assurance impacts. This indicates its util-
ity in straightforward benchmarking tasks where trade-offs 
between different criteria must be quickly compared. 
Interestingly, more advanced methodologies, such as deep 
learning and computational simulations, are beginning to 
emerge, linking directly to quality assurance and techni-
cal considerations. This suggests a shift towards adopting 
innovative computational techniques that enhance precision 
and optimise manufacturing processes. Incorporating these 
advanced methods indicates an industry trend toward lever-
aging technology to improve decision-making capabilities 
and operational outcomes.

One notable pattern is the relatively low occurrence of 
VSM, with its singular connection to the Triple Bottom 
Line, addressing environmental, economic, and social 
aspects of sustainability. In the instance where VSM was 
applied, it was used to identify root causes of inefficien-
cies in a manufacturing organisation and paired with MCDA 
to guide improvement strategies. This suggests that while 
VSM is highly effective in diagnosing inefficiencies within 
broader systems, it is less commonly employed for indi-
vidual process evaluations than more adaptable methods 
like MCDA or LCA, which are more frequently used across 
specific impact areas and goals.

Correlation of impact areas and bases of comparison  From 
the identified impact areas, several bases of comparison 
emerge. Technical considerations, environmental impact, 
and quality assurance are frequently evaluated based on 
performance characteristics, product quality, and various 
indicators that reflect specific and measurable criteria for 
assessing the effectiveness of manufacturing processes. 
Technical aspects are mainly linked to performance char-
acteristics, underscoring the industry's ongoing priority of 
optimising operational efficiency and process accuracy. On 

the other hand, environmental impacts are assessed more 
broadly through energy consumption, emission levels and 
inventory data, further emphasising the growing importance 
of sustainability in decision-making.

Economic impacts are typically assessed through cost 
analysis and indicator lists, reflecting the financial consider-
ations integral to manufacturing decisions. Similarly, energy 
efficiency, though less frequently addressed, ties directly to 
energy consumption and emission levels, aligning with the 
sector’s increasing emphasis on reducing energy use and 
emissions. Though less prominent, supply chain considera-
tions focus on the use of indicator lists, suggesting that sup-
ply chain metrics are still an emerging focus in integrating 
decision-making tools.

Additionally, the diversity in bases of comparison indi-
cates that decision-making tools are not only about opti-
mising one aspect but also managing complex trade-offs 
between various objectives, such as cost versus sustainabil-
ity or quality versus efficiency. The link between emerging 
technologies like deep learning and traditional aspects like 
quality assurance suggests a gradual shift towards smarter, 
data-driven approaches to manufacturing decisions. The 
industry’s growing reliance on integrated, multi-faceted 
methodologies like MCDA and the application of advanced 
technologies point towards the future of decision-making 
tools, where processes are evaluated holistically, with equal 
consideration for economic, environmental, and technical 
factors. This approach enables businesses to make more 
informed and balanced decisions, leading to more sustain-
able and efficient manufacturing practices. For companies 
looking to adopt these tools, it is essential to understand 
the immediate process and how different methods, impact 
areas, and comparison metrics interact to inform the best 
course of action.

Consequently, a prominent pattern is the central role of 
the indicator list, which shows significant interactions across 
multiple areas. With the highest frequency of occurrences, 
utilising an indicator list with a wide span of evaluation 
points underscores the importance of a comprehensive out-
look enabling the evaluation of various performance aspects. 
This suggests that a well-defined set of indicators can be 
foundational in assessing manufacturing processes, ensur-
ing that critical factors are systematically and holistically 
evaluated [103–105].

The interactions involving performance characteristics or 
capabilities, as well as product characteristics, also stand 
out. The high frequency of connections to performance met-
rics indicates that manufacturers prioritise assessing their 
production capabilities to ensure alignment with market 
demands and technical specifications. This focus on per-
formance highlights the critical need for manufacturers to 
continuously evaluate their operational capacities and adapt 
to evolving industry standards [106]. Interestingly, the data 
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reveals a lesser emphasis on implementation procedures. 
This indicates a potential gap in practical applications, 
where the theoretical understanding of processes does not 
always translate into effective execution.

The integration of methods, impact areas and bases of 
comparison highlights the nuanced and multi-dimensional 
nature of decision-making in manufacturing. MCDA 
emerges as the most versatile method, capable of addressing 
various technical, economic and environmental factors. The 
emphasis on these impacts underscores the industry’s dual 
focus on optimising operational performance while adhering 
to sustainability goals.

4.3.3 � Methods across operational levels

The analysis of decision-making techniques across differ-
ent operational levels (facility, process, product and sys-
tem) reveals distinct patterns in their usage, as presented 
in Fig. 12.

Specific approaches, like Direct Comparison, demonstrate 
flexibility by being applied at the process level and scaling 
up to facility or system levels when needed. For example, 
performance analysis at the process level can inform broader 
decisions, such as facility-wide operational strategies or 
overall system efficiency. Additionally, some methods can 
simultaneously address multiple operational levels within 
the same study. For instance, a method applied to the pro-
cess level may also aggregate data to enable comparisons or 
decisions at higher levels, such as system-wide evaluations 
[107].

Similarly, MCDA is adaptable across different operational 
levels, making it useful for detailed process and higher-
level system assessments. However, this scaling can be 
complex, requiring additional layers of data, broader stake-
holder engagement, and more comprehensive system-wide 

modelling, and therefore, it is more limited. However, meth-
ods such as LCA, LCC, and LCEA, which focus on envi-
ronmental and cost assessments, are generally limited to the 
process and product levels. These tools are practical within 
their specific scope but are more challenging to apply at the 
facility or system levels due to their specialised focus on 
isolated processes or products. VSM demonstrates that it 
was applicable for operational improvements at the facility 
and system levels, indicating that its focus on optimisation 
at the process level can be translated upwards. This is due 
to the intrinsic nature of the approach [108].

Conversely, tools like computational simulations and 
deep learning are evolving methods used primarily for 
product and process analysis. Expanding their application 
to larger, more complex systems or facilities presents chal-
lenges due to the computational power and extensive model-
ling required for broader-scale use. While these tools offer 
significant potential for process optimisation, scaling them 
for facility-wide or system-level analyses while maintain-
ing granularity is often complicated and resource-intensive.

In summary, while some tools can scale from process 
to facility or system levels, the complexity of this transi-
tion varies. Tools like MCDA and Direct Comparison offer 
more flexibility, while others like LCA and LCC remain 
constrained to process-level analysis. Applying tools across 
multiple operational levels is critical for achieving compre-
hensive decision-making in complex manufacturing environ-
ments, but this remains a challenge for many methodologies.

4.3.4 � Analysis of advantages and limitations of identified 
methods

The analysis of the advantages and limitations of the various 
methods and approaches used in decision-making for manu-
facturing, as visualised in the matrix in Fig. 13, highlights 
some significant trends.

Fig. 12   Distribution of appearances of different decision-making 
approaches across operational levels in manufacturing systems, as 
reported in the literature. The percentages represent the distribution 

of instances where each approach is applied at the process, product, 
system, and facility levels. These appearances may occur across mul-
tiple levels within the same study or in different studies
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Advantages  MCDA emerges as the most widely applica-
ble tool, exhibiting strengths across several areas such as 
product development, process improvement and identify-
ing sustainable options. This aligns with existing literature 
highlighting MCDA’s ability to synthesise multiple criteria 
in complex decision-making environments, making it par-
ticularly valuable in manufacturing contexts where trade-
offs between technical and sustainability criteria are crucial 
[109]. Similarly, LCA was shown to aid significantly in 
identifying environmental impacts and establishing envi-
ronmental benchmarks. This aligns with its well-established 
role in sustainability assessments, particularly its capacity 
to quantify environmental burdens across a product's life-
cycle [110]. Although more limited, the presence of LCC 
and LCEA reflects their increasing relevance in economic 
and energy efficiency assessments, respectively. LCC is par-
ticularly important for cost-based sustainability assessments, 

where long-term financial considerations are weighed 
against environmental outcomes, often in conjunction with 
LCA to overcome mutual limitations. LCEA, though less 
frequently utilised, offers a more pinpointed focus on energy 
consumption and efficiency, which is becoming critical in 
the age of energy-conscious manufacturing [111].

Direct Comparison appears as an advantageous method 
when benchmarking between alternative strategies or pro-
cesses is required. Its primary utility lies in enhancing over-
all performance by establishing clear comparisons between 
alternatives. It is critical for manufacturers seeking to 
optimise processes or choose between different materials, 
technologies, or production strategies. While direct Com-
parison lacks the depth to comprehensively address trade-
offs across multiple sustainability dimensions, it provides 
significant value when a single metric or aspect is a central 
focus. Its effectiveness in comparative evaluation allows 

Fig. 13   Advantages and limitations of the identified approaches
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manufacturers to make more informed decisions based 
on competitive benchmarks and performance data with-
out requiring complex modelling or extensive data inputs. 
This method could be further improved by incorporating 
weighted criteria, allowing for a more nuanced evaluation 
that considers the relative importance of different perfor-
mance factors. By doing so, direct comparison could extend 
its utility beyond single-metric assessments, enabling manu-
facturers to balance competing objectives such as cost and 
environmental impact. This would allow for a more flexible 
and robust decision-making process, particularly in indus-
tries with crucial trade-offs between these factors.

A notable advantage of VSM is its unique capability for 
root cause analysis and identifying areas for improvement 
in manufacturing systems, demonstrated in its combined 
use with MCDA. While limited in standalone applications, 
its utility in diagnosing inefficiencies is well-recognised, 
particularly in lean manufacturing environments [112]. 
Although not as widely used as other tools, Deep Learn-
ing and Simulations offer strong potential for performance 
improvements by enhancing the predictive accuracy of 
models, which is crucial for quality assurance and techni-
cal considerations. These emerging tools, especially Deep 
Learning, reflect ongoing shifts toward data-driven decision-
making, gaining traction as manufacturing processes become 
more digitised under Industry 4.0 and the recently coined, 
industry 5.0 [113, 114].

Limitations  Despite these advantages, the heatmap also 
reveals critical limitations for each tool, some of which align 
with documented challenges in the literature. MCDA, while 
offering robust decision support, is constrained by several 
key limitations. These include the complexity of analysis, 
data reliability issues, and weighting inconsistencies. Addi-
tionally, the absence of a discussion or review process to 
interpret the results can lead to oversimplified recommenda-
tions. The assumed preferential independence between cri-
teria can further distort results, especially when interactions 
between criteria are not considered. Moreover, incorporating 
costs as a criterion often fails to capture opportunity costs 
adequately, leading to suboptimal resource allocation [115, 
116]. These challenges highlight the need for more nuanced 
approaches to applying MCDA effectively in manufacturing 
decisions.

LCA and LCC face similar challenges. Both tools, while 
comprehensive, suffer from high data demands and com-
plexity in analysis, mainly when applied to diverse manufac-
turing processes. Studies have pointed out that the reliability 
of LCA results can be heavily influenced by the scope of 
the analysis and the assumptions made during data collec-
tion, which can limit its broader applicability in real-world 
manufacturing contexts [117]. LCEA, while less complex 
than LCA, shares data availability concerns, especially as it 

focuses exclusively on energy metrics without considering 
broader environmental or social factors.

In contrast, VSM and Deep Learning exhibit more nar-
row application scopes. VSM's use primarily concerns 
identifying waste and inefficiencies within existing systems 
rather than offering comprehensive decision support across 
broader impact areas. This aligns with its traditional role 
in lean manufacturing, which focuses on process streamlin-
ing rather than evaluating sustainability or economic trade-
offs. Deep Learning, while showing promise, is constrained 
by the robustness of its results, mainly when low-quality 
or limited data is available. Moreover, once a model has 
been established for a specific task, it will require many data 
points and further training to enable its adaptation to other 
projects, limiting its expansion. These challenges are well-
documented in the literature on AI-driven decision tools 
[118–120].

Direct Comparison, while effective in benchmarking and 
enhancing overall performance, demonstrates limitations 
due to its finite use cases. It is often restricted to comparative 
evaluations and lacks the flexibility to offer deeper insights 
into long-term strategic improvements or sustainability met-
rics. This limitation means direct comparison is typically 
used for isolated decision points or for improving specific, 
measurable areas rather than facilitating broader assessments 
of multi-dimensional challenges.

4.3.5 � Discussion and implications

The findings suggest a clear pattern: methods with broader 
applicability, such as MCDA and LCA, offer more compre-
hensive decision-making support, particularly in balancing 
sustainability and technical performance. However, they also 
face significant limitations related to data complexity and the 
depth of analysis required. This supports the argument that 
while these tools provide valuable insights, their practical 
implementation in manufacturing contexts requires careful 
consideration of data availability, skill requirements and the 
specific goals of the analysis.

Conversely, while highly effective in specific contexts, 
tools with narrower scopes, such as VSM, Direct Compari-
son, and Deep Learning, are not yet as widely applicable 
across multiple dimensions of manufacturing decision-mak-
ing. This reflects a broader trend in the field where newer, 
more specialised tools, though promising, still require fur-
ther refinement to broaden their use cases. Future research 
should explore integrating these emerging tools into more 
comprehensive decision-making frameworks to capitalise on 
their strengths without sacrificing the breadth of analysis.

Additionally, the combined use of tools like VSM 
with MCDA suggests a trend toward hybrid approaches 
that could mitigate some of the limitations observed with 
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individual tools. This opens up a potential area for future 
studies to investigate the efficacy of tool combinations 
in addressing multi-criteria decision-making challenges, 
especially in sustainability assessments and process 
improvements.

4.4 � Synthesis of findings

This section synthesises findings across decision-making 
tools and their impacts at the process level. The tools dif-
fer in their scope, complexity, ease of use, and applicability 
across industries, with each addressing distinct aspects of 
process-level decision-making. To support structured com-
parison, Table 4 defines the attributes used for evaluation, 
and Table 5 reports relative ratings of each tool against these 
attributes.

The ratings were assigned using consistent qualitative cri-
teria drawn from reported applications. Broader applicability 
across operational levels (operational scope), greater model-
ling or specialist demands (technical complexity), demon-
strated integration into digital or automated systems (integra-
tion potential), lower training burden (user-friendliness), larger 

or higher-quality data needs (data requirements), and explicit 
balancing of multiple, potentially conflicting criteria (trade-off 
analysis).

These ratings are intended as heuristic indicators rather 
than precise quantitative scores. The approach reduces sub-
jectivity by applying the same criteria across all tools, while 
acknowledging that the results remain indicative and should 
be interpreted in context.

Simulation and deep learning are powerful tools with 
high data requirements and technical complexity, excel-
ling in detailed process modelling and advanced analytics. 
However, they are less user-friendly, requiring specialised 
expertise and substantial infrastructure, limiting their wider 
application across industries. In contrast, Direct Compari-
son is a more straightforward, more accessible tool with 
low complexity and minimal data needs, making it ideal for 
quick benchmarking. Its high user-friendliness allows rapid 
deployment, but it is less effective for complex, multi-tiered 
analysis across different variables. LCA and LCC offer in-
depth sustainability and cost analyses, though both require 
significant data and are limited in operational scope. While 
these tools provide robust trade-off analyses, their complex-
ity restricts broader usability without sufficient expertise and 

Table 4   Attributes used to analyse the tools and approaches

Attribute Description

Operational scope How easily the tool can be scaled or applied across different operational levels (from process to facility level), defined by 
the reported use cases

Technical complexity The level of technical or analytical difficulty required to implement and use the tool, defined by modelling depth, algo-
rithms or any specialist expertise required

Integration potential The ability of the tool to be integrated into existing systems or processes, particularly in a digital or automated manner, 
defined by any previous documented applications

User-friendliness The simplicity and usability of the tool for non-specialists or practitioners with minimal training or setup required
Data requirements The amount and complexity of data needed to use the tool effectively
Trade-off analysis The tool’s ability to consider and balance multiple, potentially conflicting criteria

Table 5   Summary rating of each tool or approach based on various attributes

★ indicates a higher rating and ☆ indicates a lower rating

Approach Operational Scope Technical Complex-
ity

Integration Potential User-Friendliness Data Requirement Trade-off Analysis

Simulation ★★★☆☆ ★★★★☆ ★★★☆☆ ★☆☆☆☆ ★★★★★ ★★★☆☆
Deep learning ★★☆☆☆ ★★★★★ ★★★★☆ ★☆☆☆☆ ★★★★★ ★★★☆☆
Direct comparison ★★★★☆ ★★☆☆☆ ★★☆☆☆ ★★★★★ ★★☆☆☆ ★★☆☆☆
LCA ★★☆☆☆ ★★★★☆ ★★★☆☆ ★★★☆☆ ★★★★★ ★★★★☆
LCC ★★☆☆☆ ★★★☆☆ ★★★★☆ ★★★☆☆ ★★★★☆ ★★★★☆
LCEA ★★☆☆☆ ★★★☆☆ ★★☆☆☆ ★★★☆☆ ★★★☆☆ ★★★☆☆
MCDA ★★★☆☆ ★★★★★ ★★★☆☆ ★★☆☆☆ ★★★☆☆ ★★★★★
VSM ★★★☆☆ ★★★☆☆ ★★☆☆☆ ★★★★☆ ★★☆☆☆ ★☆☆☆☆
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resources. MCDA provides a structured approach to deci-
sion-making that is well-suited for complex, multi-criteria 
scenarios, but it requires a time-intensive setup and is not 
easily executable. Meanwhile, VSM is cost-effective and 
user-friendly, best suited for identifying value-adding steps 
and eliminating waste. However, its effectiveness might be 
limited across impact areas without customisation or integra-
tion with additional tools.

The synthesis of findings underscores the importance of 
selecting decision-making tools based on the specific needs 
of the manufacturing process and the desired impact areas. 
Tools like Simulation, deep learning, and MCDA are ideal 
for comprehensive, data-heavy evaluations but require sig-
nificant expertise and infrastructure. More straightforward 
tools like Direct Comparison and VSM offer easy-to-use 
functionality for targeted applications but lack the versa-
tility of more complex tools. As manufacturing processes 
evolve, particularly under the influence of Industry 4.0 and 
sustainability imperatives, a hybrid approach that lever-
ages multiple tools in tandem may offer the best pathway 
to balancing trade-offs and achieving long-term sustain-
ability goals.

5 � A practical guide for effective 
integration of decision‑making tools 
in manufacturing settings

Despite the significant strides made in developing deci-
sion-making tools for manufacturing processes, crucial 
gaps still limit their full utilisation. Among these is the lack 
of adoptability to emerging Industry 4.0 technologies like 
IoT, AI, and real-time data processing. Furthermore, insuf-
ficient attention has been given to integrating these tools 
into fully functioning manufacturing environments. Many 
studies overlook key steps required to smoothly incorpo-
rate decision-making tools within operational systems, 
from data acquisition and sharing to real-time processing 
and long-term monitoring. Furthermore, strategic align-
ment, system-wide incorporation and skill requirements are 
rarely discussed. This gap is evident in the fact that none 
of the covered literature provided clear guidance on how 
these tools can be seamlessly integrated into a real-world 
manufacturing context.

In response to these gaps, a structured guide has 
been developed to facilitate the smooth integration of 
decision-making tools into manufacturing systems, pre-
sented in Fig. 14. This step-by-step process emphasises 
four critical areas: Data & Integration, Management & 
Operations, AI, and Research & Development. Each area 
is subdivided into key actionable steps spanning three 
phases: pre-implementation, during implementation, and 

post-implementation. In which each phase has a specific 
purpose, pre-implementation establishes the conditions 
and requirements for adoption. Implementation delivers 
the systems, processes, and training needed for operation. 
Post-implementation ensures monitoring, refinement, and 
scalability. By aligning these phases with specific tasks in 
data handling, technology integration, workforce prepa-
ration, and leadership oversight, businesses can ensure 
a structured transition from planning to execution. The 
guide, therefore, functions both as a visual roadmap and 
as a practical framework that links the gaps identified in 
the review to actionable steps supported by insights from 
recent research.

5.1 � Data management and tool integration

This area of the guide addresses how data handling should 
progress through the three phases: establishing inventories 
and structures in pre-implementation, creating live pipelines 
during implementation, and ensuring automated monitoring 
and refinement in post-implementation.

Effective data management is essential for the success-
ful use of decision-making tools. In the pre-implementa-
tion phase, the priority is identifying the necessary data 
types and ensuring data storage systems are organised for 
easy retrieval. Establishing data accessibility and shar-
ing mechanisms is equally important at this stage, so that 
different departments can contribute to and draw from 
a common data infrastructure. These recommendations 
directly respond to the review finding that many methods, 
especially LCA and LCC, face high data demands and 
reliability concerns (Fig. 13), which limit their broader 
adoption.

During implementation, businesses should focus on 
establishing data acquisition and real-time data-sharing 
mechanisms, such as cloud platforms, to facilitate continu-
ous communication between departments [121]. Data valida-
tion and standardisation must also be prioritised to ensure 
consistency across the organisation [122]. Moreover, at this 
stage, integration with existing enterprise platforms, includ-
ing ERP systems and dashboards, supports visibility across 
operations. This aligns with evidence from the review that 
tool scalability across operational levels (Fig. 12) is contin-
gent on effective data pipelines. In the post-implementation 
phase, installing IoT sensors tailored to ongoing data col-
lection needs will allow continuous monitoring and refine-
ment of decision-making processes [123]. Automation capa-
bilities can be introduced to trigger responses directly from 
live data, further embedding decision-making tools within 
the production environment. Maintaining robust validation 
processes and data governance ensures that the system con-
tinues to generate reliable insights. The progression from 
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basic data organisation to automated real-time integration 
ensures that decision-making tools are not only implemented 
successfully but also sustained and adapted as operational 
needs evolve.

5.2 � Managerial and operational preparation

This area outlines how organisational readiness devel-
ops across phases, beginning with alignment of roles 
and objectives, continuing with training and procedures 
during implementation, and closing with review and 
continuous improvement in the post-implementation 
stage.

Cross-functional alignment is critical to the successful 
adoption of decision-making tools. In the pre-implemen-
tation phase, all departments must be aligned with the 

implementation goals to avoid fragmentation or miscom-
munication [124]. Ensuring that operations, IT, and manage-
ment team members work cohesively is essential. Moreover, 
benchmarks should be set to evaluate the tools' impact and 
prepare feedback mechanisms for ongoing assessments. This 
reflects the review’s observation that while tools such as 
MCDA offer robust trade-off analysis, they are constrained 
by weighting inconsistencies and the absence of systematic 
review processes (Fig. 13), underscoring the need for organi-
sational procedures to interpret and act on outputs.

As implementation progresses, comprehensive train-
ing should be provided to ensure all employees are profi-
cient with the new tools. Training should focus not only 
on using the tools but also on understanding their impli-
cations for decision-making. Risk mitigation strategies 
should also be developed to address potential challenges, 

Fig. 14   Structured guidelines for decision-making tool integration in manufacturing systems, highlighting phased implementation
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ensuring the smooth integration of tools without dis-
rupting ongoing processes [125]. Managing trade-offs is 
another key area of focus. Businesses should identify com-
peting objectives and define acceptable ranges for trade-
offs [126]. For example, companies may need to decide 
how much cost can be sacrificed for environmental gains. 
By embedding alignment, training, risk management, and 
trade-off handling within a phased approach, decision-
making tools can be integrated in a way that strengthens 
organisational cohesion and delivers sustained impact. 
These practices are directly tied to the review’s synthe-
sis that hybrid approaches and multi-criteria frameworks 
(Table 5) require managerial structures to balance com-
plexity with usability.

5.3 � AI integration

This part of the framework sets out the AI use cases and how 
models are developed and embedded during implementation.

AI is central to modern decision-making, offering 
advanced capabilities for analysing data, predicting out-
comes and optimising manufacturing processes [127]. Busi-
nesses should identify specific decision-making challenges 
AI can address, such as predictive maintenance, energy 
optimisation or production scheduling [128–130]. Select-
ing suitable AI models (e.g., machine learning, deep learn-
ing) based on data availability and complexity is critical. 
Preparing high-quality, standardised datasets is essential for 
effective model training. Subsequently, AI models should 
be trained using historical and real-time data to generate 
actionable insights. Integration with existing systems, such 
as Enterprise resource planning (ERP) platforms, ensures 
seamless feedback for decision-making. Regular validation 
and fine-tuning of AI models maintain their relevance as 
operational conditions evolve [131]. Ongoing monitoring 
and refinement of AI systems are essential to ensure con-
tinuous improvement. Real-time data from IoT sensors can 
enhance the adaptability of AI tools [132]. Periodic updates 
and evaluations allow AI systems to incorporate advance-
ments and align with changing operational goals. AI can 
significantly improve decision-making accuracy by analys-
ing large datasets far beyond human capacity, providing 
actionable insights that drive operational improvements, 
and reducing costs and downtime while improving efficiency 
[133, 134].

This subsection reflects findings from the review where 
deep learning and computational simulations were identi-
fied as emerging but underutilised methods (Fig. 7). Their 
limited adoption was attributed to technical complexity and 
data requirements (Figs. 12 and 13), directly informing the 
guide’s emphasis on AI integration as a structured, staged 
activity rather than an ad-hoc addition.

5.4 � Research & development (R&D

This area underscores the importance of continuous devel-
opment to ensure decision-making tools remain relevant 
and effective beyond initial adoption. The progression 
typically moves from scoping new pilots, through testing 
in controlled settings, to full integration or transfer into 
operations.

Sustained improvement is essential for long-term success. 
Organisations should remain attentive to emerging technolo-
gies by monitoring industry trends and conducting small-scale 
pilot projects before wider deployment. This iterative approach 
allows processes and tools to be refined in response to new 
findings, keeping them competitive and adaptable to evolving 
standards. Regular reviews provide a mechanism for incor-
porating advances and embedding lessons learned, thereby 
maintaining performance and ensuring that decision-making 
systems continue to deliver value over time.

The need for iterative R&D directly stems from the review’s 
observation that certain tools (e.g., VSM, Direct Comparison) 
have narrow applicability (Fig. 13) and require adaptation or 
combination with other methods to achieve broader impact. 
This supports the guide’s emphasis on pilot testing and incre-
mental refinement as a way to operationalise hybrid strategies 
identified in the synthesis of findings.

5.5 � Leadership support and technology scalability

Ongoing management and leadership involvement are essen-
tial for ensuring that the integration of decision-making 
tools aligns with overarching business goals. Support from 
leadership teams can drive successful adoption by provid-
ing the necessary resources, setting priorities, and ensuring 
cross-departmental alignment. Without leadership backing, 
the implementation process may lack direction or stall alto-
gether [135].

One of the key challenges businesses face is the evolving 
nature of technology. Companies must remain adaptable by 
integrating new decision-making tools and upgrading the 
infrastructure around them. Scalability should be a priority 
from the outset, allowing businesses to adjust their decision-
making tools to accommodate future growth or changes in 
operational demands. As the tools evolve, businesses should 
stay open to upgrading their technology, ensuring that they 
continue to provide value over time.

5.6 � Summary and implications

The synthesis shows that effective integration of decision-mak-
ing tools in manufacturing depends on clear data foundations, 
organisational readiness, and fit-for-purpose analytics that 
remain aligned with operational goals. The guide addresses 
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gaps identified earlier by moving beyond isolated use cases 
and one-off implementations to a staged, system-level path-
way for adoption. It provides a structured approach to inte-
grating decision-making tools into manufacturing, addressing 
challenges in data handling, scalability and workforce readi-
ness. By aligning with Industry 4.0 and sustainability goals, 
it ensures tools are adaptable to evolving needs while improv-
ing operational efficiency. Businesses can use this phased 
approach to implement tools effectively, from pre-implemen-
tation planning to post-implementation monitoring, enabling 
continuous improvement and long-term competitiveness.

6 � Conclusion

This study presents a comprehensive analysis of decision-
making tools in manufacturing systems, offering both a 
thematic overview and an in-depth discussion of their 
practical applications across various operational levels. 
Through the review of selected research papers, several 
key insights emerged that hold important implications for 
both practice and future research.

The thematic analysis identified MCDA as the most 
commonly utilised tool, especially due to its ability to 
evaluate multiple conflicting criteria in complex deci-
sion-making environments. The increased adoption of 
sustainability-focused methods, such as LCA, highlights 
the growing importance of environmental considera-
tions in the manufacturing sector. However, the limited 
application of LCA across studies indicates that there is 
potential for greater integration of sustainability metrics 
into decision-making frameworks. Tools like direct com-
parison and VSM were also prominent, emphasising the 
balance between simplicity and comprehensive analysis 
when selecting tools that fit specific manufacturing needs.

An important takeaway is the varying degrees to which 
these tools can be applied across different operational 
levels. While methods like MCDA and direct comparison 
provide valuable insights at the process level, they also 
possess the potential to inform higher-level decisions at 
the facility level. This adaptability, however, depends on 
the complexity of the tool. Advanced methods like deep 
learning and computational simulations, while powerful 
for process-level analysis, face challenges in scalability 
due to data requirements and computational complexity. 
These findings reinforce the need for both adaptable and 
specialised tools to address different decision-making 
needs across operational scales.

This research contributes to the field of manufactur-
ing systems by outlining the current landscape of deci-
sion-making tools, shedding light on trends such as the 
growing reliance on data-driven methods and highlight-
ing the continuous effort to integrate sustainability into 

manufacturing processes. Additionally, the guidelines 
provided outline essential steps for businesses looking to 
adopt decision-making tools in an increasingly digitised 
and data-driven environment, focusing on areas like AI 
integration, data management and scalability, which are 
critical in an increasingly digitised and interconnected 
manufacturing environment.

For academia, this study provides a foundation for 
future research into the development of more adaptable 
and multi-functional decision-making tools. Research-
ers can build on this work to explore synergies between 
existing tools, investigate their integration with real-time 
data and AI, and design frameworks that consider envi-
ronmental, economic and social dimensions. Practition-
ers can leverage the provided guide to effectively imple-
ment decision-making tools, addressing challenges such 
as data standardisation, user-friendliness and scalability. 
By aligning operational strategies with technological 
advancements and sustainability goals, particularly within 
the context of Industry 4.0, practitioners gain actionable 
insights to enhance both competitiveness and regulatory 
compliance.

This work directly supports several SDGs by promoting 
sustainability and efficiency in manufacturing processes. 
Tools like LCA and sustainability metrics contribute to 
Goal 12 (Responsible Consumption and Production) by 
fostering resource efficiency and minimising environmen-
tal impacts. The integration of AI and data-driven methods 
aligns with Goal 9 (Industry, Innovation, and Infrastruc-
ture) by advancing innovation and enhancing manufactur-
ing technologies. Furthermore, the emphasis on scalability, 
user-friendliness, and workforce readiness addresses Goal 8 
(Decent Work and Economic Growth) by ensuring inclusive 
adoption of advanced tools across diverse manufacturing 
environments.

Future work should link process-centric decision tools 
to supply-chain decision layers through shared data models, 
supplier-facing indicators, and scenario-capable analytics. 
Priority areas include tighter integration with real-time data 
and AI to improve responsiveness, development of multi-
dimensional frameworks that combine environmental, eco-
nomic, and social metrics across sectors, and simplification 
of methods to improve user-friendliness and scalability. 
Data standardisation remains essential for reliable applica-
tion, particularly for data-intensive tools. To extend impact 
beyond the plant, methods should propagate process metrics 
upstream and downstream and support supplier and route 
selection. Establishing interoperable interfaces and chain-of-
custody data, and defining KPIs that connect process perfor-
mance to supply-chain outcomes, will enable optimisation at 
the level of networks rather than isolated sites. These steps 
position decision-making tools to support sustainable and 
resilient manufacturing ecosystems.
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