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Optimizing Inventory Management Decisions in the Pharmaceutical Industry
Using the MOORA Method

The pharmaceutical industry is crucial to global healthcare, responsible for the development,
production, and distribution of medications that prevent and treat diseases manage various diseases.
This industry is characterized by substantial investment innovations, alongside stringent Regulatory
standards are in place to guarantee the safety and effectiveness of drugs. With a growing focus on
personalized medicine, biotechnology, and digital technologies, the industry is evolving to Cater to the
demands of an aging population and tackle emerging healthcare issues. However, the pharmaceutical
sector faces significant challenges, such as high production costs, patent expirations, market competition,
and the pressure to lower drug prices. This research aims to explore the strategic and operational
dynamics within the pharmaceutical industry, providing insights into how companies adapt to these
challenges while advancing medical breakthroughs. The study evaluates key factors like manufacturing
processes, supplier relationships, and innovation in product development to understand the industry's
performance and future trends. Research significance: Inventory Management is essential in the
pharmaceutical industry, where the effective handling of stock can directly impact both operational costs
and patient health outcomes. Effective inventory decisions ensure that medications and essential
products are available when needed, minimizing stockouts and reducing the risk of expired or excess
inventory.

In the pharmaceutical sector, inventory management involves not only the logistical aspects of
storage and distribution but also compliance with strict regulatory requirements related to drug storage,
shelf life, and traceability. This research examines the significance of inventory management decisions in
the pharmaceutical industry, aiming to identify best practices, challenges, and the impact of supply chain
dynamics. Methodology: This research employs the Multi-Objective Optimization based on Ratio Analysis
(MOORA) approach to assess inventory management decisions in the pharmaceutical industry. MOORA
is a powerful multiple conflicting criteria by converting them into a single performance score. In this
context, MOORA is used to evaluate various inventory management strategies, considering multiple
objectives such as cost minimization, stock availability, regulatory compliance, and supplier efficiency.
The process involves normalizing the data to eliminate dimensional discrepancies, followed by the
application of the ratio analysis technique to determine the optimal inventory management strategy for
pharmaceutical companies. Alternative: Firm 1: Pfizer: Recognized for its swift development of the
COVID-19 vaccine, Pfizer remains committed to substantial investments in oncology and rare disease
treatments. Firm 2: Johnson & Johnson (J&J): J&J diversifies its investments across areas such as
immunology, oncology, and vaccines, reflecting a broad approach to R&D.

Firm 3. Roche: Specializes in precision medicine and diagnostics, particularly excelling in
oncology treatments. Firm 4: Novartis: Renowned for its pioneering work in gene therapies and
leadership in immuno-oncology. Firm 5: AstraZeneca: Focuses on respiratory and oncology therapies
while expanding its research in biologics. Evaluation parameter: Production Strategy, Structured Strategy
Planning, Manufacturing Engagement, Supplier Collaboration, Product Development Innovation. Result:
In this evaluation, Firm 5: AstraZeneca ranks first due to its impressive overall performance across key
areas of research, development, and manufacturing strategy. AstraZeneca excels in its focus on
respiratory and oncology treatments, with a notable emphasis on biologics. Its strong investments in
product innovation, along with an increasing commitment to developing cutting-edge therapies, position
the firm as a leader in the pharmaceutical industry.

Keywords: Optimizing inventory management, pharmaceutical industry, MOORA, Multi-objective
optimization, Supply chain management
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INTRODUCTION

Pharmaceutical industry: The pharmaceutical industry is currently experiencing a productivity
crisis. Despite significant scientific breakthroughs, such as the completion of the human genome
sequencing, the pace at which the industry produces new products seems to be slowing down. The
lengthy and complex drug development process makes it challenging to accurately link specific inputs to
their respective outcomes. Additionally, the industry has created a new vertical structure, where biotech
"tool" companies serve as an intermediary layer between major pharmaceutical companies and the
nonprofit sector. As a result, the restructuring of the pharmaceutical industry could potentially lead to
higher costs and reduced productivity. Although the new structure may result in faster and more effective
drug development, it may not necessarily be more cost-efficient. [1] The pharmaceutical industry, along
with other sectors, faces the ongoing challenge of emerging infectious agents that may pose significant
threats, similar to the challenges presented by human immunodeficiency virus (HIV). Given the scale of
these challenges, there is a continuous effort to refine the strategies for discovering new drugs. Most drug
discovery work is conducted in the research labs of the pharmaceutical industry, requiring a collaborative
approach from individuals with diverse expertise. Researchers who identify disease mechanisms, which
suggest potential drug targets, work alongside those skilled in isolating or synthesizing new compounds,
as well as experts who assess the safety and efficacy of these molecules. In drug screening processes, a
compound identified in a screen may interact with a human protein, but it could have evolved to target a
similar protein, active site, or regulatory region in the organism from which it originated.[2] Rapid
technological advancements in three-dimensional (3D) printing hold enormous promise This technology
makes it possible to create dose forms precisely. with adaptable release systems that support patient-
centered therapies, like customized dosage, and satisfy clinical standards. The FDA's clearance of the
first 3D-printed medication and its successful commercial manufacturing have confirmed that 3D printing
may be used for large-scale pharmaceutical manufacturing.

These or dispersible and chewable forms are especially useful for pediatric formulations.
Additionally, pediatric treatments, such as incorporating cereal-based materials for drug delivery. In this
application, 3D-printed cereal "flakes" containing the drug are mixed with milk, enabling the drug to
release into the milk and stomach fluids for absorption. [3] This study primarily focuses on The US
pharmaceutical sector is distinct in a number of ways. In comparison to other major industries, it has the
highest R&D-to-sales ratio, making it the most in the nation. Furthermore, this industry has very strong
patent protection, and pharmaceutical corporations are well aware of the competitive race to develop
innovative new drugs. Additionally, the pharmaceutical industry generates abundant data, making it
relatively easy to access financial and patent information for companies within the sector. the continuous
development of new drugs through substantial investments in R&D. The risk associated with drug
development is greatest in the beginning, but as the drug's value and cash flow rise, the risk gradually
declines. especially after patent acquisition. Patent protection is crucial in this industry, as it allows
companies to generate the revenue needed to fund the costly and risky R&D efforts required for new
product introductions. Consequently, Patent protection is crucial for fostering innovation.

The study further indicates that RPP (Relative Patent Position) could be relevant to the
pharmaceutical sector. Hall's application of useful tool for assessing patent concentration and the
technology capabilities of firms, even though it has not yet been extensively applied in the pharmaceutical
sector. [4] This study had no external funding, and the physicians were not compensated for their
involvement. Similar to our earlier research, since only medical professionals participated in the trial, we
did not request approval from the local ethics committee to questionnaires about their dealings with the
pharmaceutical business; no patients were involved. [5] There is no doubt that the pharmaceutical
industry actively promotes products that have received significant investments during their development
phase. The extensive testing required for modern pharmaceuticals is unmatched in most Unlike many
other industries, Pharmaceuticals have the rare ability to both benefit and harm people. Nevertheless, not
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every encounter between the pharmaceutical sector and the medical community results in favorable
patient outcomes. One of the world's most tightly regulated medication markets, the United States, is
where the pharmaceutical sector started exporting last year. The industry's aims often appear to be more
about reaching corporate objectives than meeting educational goals. In fact, a careful analysis of the
literature has shown that connections between physicians and the pharmaceutical industry have an
effect. [6] Our empirical analysis is conducted within the context Sales of the same product categories are
the main source of income for contemporary pharmaceutical corporations, in contrast to larger
businesses in other industries. As a result, pharmaceutical businesses make a suitable reference group
for comparison, particularly when it comes to marketing techniques and stock price performance. As far
as we are aware, the pharmaceutical industry's marketing initiatives lack a formal framework or
classification. We carried out a content study of Schering's business press coverage in order to address
this. [7] We investigate the influence Using data envelopment analysis (DEA), this study investigates how
managerial and strategic factors affect the operational efficiency of companies in the Indian
pharmaceutical business. Businesses with greater resources became more competitive between 1992
and 2002 as a result of significant legislative reforms, the entrance of foreign direct investment, and the
removal of import restrictions. We use both parametric techniques, such regression analysis, and non-
parametric DEA models to determine the main elements influencing these companies' internal operating
efficiency. [8] So far, there has been limited discussion on the ethical considerations surrounding the
connections between the pharmaceutical business and medical students.

One could argue that the same issues are irrelevant because students do not yet have the power
to prescribe. In this paper, we contend that despite the fact that medical Students are not permitted to
write prescriptions they nonetheless need to take into account significant ethical considerations while
interacting with the pharmaceutical business. This raises two primary questions: either medical students
are genuinely benefiting from the pharmaceutical industry without any obligations, or they are willfully or
unknowingly accruing debt to the company. We examine each scenario's ethical ramifications in the next
section. [9] In recent decades, the pharmaceutical industry has experienced significant growth. The
production in this industry includes raw materials, antibiotics, a range of pharmaceutical products,
including medicines and cosmetics, which generate waste containing harmful substances that pose risks
to human health and aquatic life. A sector highlights its potential environmental impact. The anticipated
effects of wastewater on plant and animal life can vary significantly due to the diverse characteristics of
the wastewater. [10]

Inventory Management:

This study presents a comprehensive strategy for inventory management that emphasizes the
range of technologies that can be used to different sectors and distribution networks. Gaining a
competitive edge through cost reduction and improved service quality is the primary goal. The study
emphasizes how crucial vendor-managed inventory is to enhancing supply chain inventory control. It also
looks at how to reduce transportation expenses by using the Traveling Salesman Problem. Numerous
solutions have surfaced in the digital age to improve overall efficiency and streamline inventory
management procedures. These technologies are examined in the study. outlining their advantages and
disadvantages. Cloud-based platforms, for instance, provide the ability to manage inventory remotely
from any location with an internet connection, enabling mobile tracking.

Throughout the exploration, we have looked at a variety of technologies and strategies that
businesses can use to optimize inventory management and supply chain operations, with a key takeaway
being the transformative impact of technology on traditional inventory management practices. [1] The
analytical results presented here may not be directly applicable to blood inventory management, but they
offer valuable insights into the structural characteristics of the policies analyzed. The study highlights the
importance of producing scientific literature on effective business practices for managing uncertainty.
Specifically, inventory management strategies that focus on maintaining low levels of optimized inventory
are not effective in environments characterized by unlikely but high-impact risks. [3] Effective In pharmacy



www.sciforce.org

practice, inventory management is essential. By reducing the cost of purchasing pharmaceuticals and
other operating expenses, it improves gross and net profits. Moreover, cash flow improves as savings are
made from purchasing and storing lower-cost products. These savings can then be utilized for operational
costs or reinvested in other services. Effective inventory control guarantees that patient and consumer
demands are met from an operating standpoint. consistently met. In this context, pharmacists need to
evaluate whether they have ordered too much of the right product, made incorrect orders, or encountered
systematic errors in inventory management, such as inputting wrong product details or quantities into
software without performing the actual number of things on the shelf. In order In order to make better
judgments about the effectiveness of pharmacy inventory management, the PNP should be compared to
prior periods, just like the ITOR. Table 2. illustrates how these estimates are calculated. [4] A warehouse
inventory management system is quite helpful in resolving this problem since it keeps track of
comprehensive product information and pinpoints the precise stockroom.

Locations of each item. This system is essential in various production and goods-based
processes. Although many wireless communication technologies are available, RFID is especially
effective for inventory control in warehouses. Through a wireless connection enabled by the internet, the
internet serves as the foundation for the warehouse inventory management system. But these systems
face challenges in real-world environments, where indoor spaces are constrained by spatial limitations.
Accuracy is crucial, as it measures the difference between the predicted and actual locations of products.
Therefore, achieving high accuracy is key to the system's effectiveness to ensure optimal performance.
[5] The proposed implementation of an Inventory Management System addresses the challenges and
solutions related to inventory management across e-commerce and other industries. The goal of the
research is to create a system capable of efficiently storing, updating, and managing data related to
dealers, suppliers, manufactured goods, and raw materials, while providing an accessible user interface
for individuals without technical expertise. The system employs MongoDB for backend data storage and
Java on NetBeans for frontend development. frontend development, with MongoDB selected due to its
capacity to manage unstructured data, which is often encountered in inventory management.

This combination offers a scalable and robust solution for inventory data management. However,
the paper could be improved with a more comprehensive discussion of potential challenges and
limitations, such as data security issues, and a comparison with other existing inventory management
systems. [6] The study found that Demand fluctuation, reverse logistics, stockouts, stock are just a few of
the many inventory management issues that online merchants must deal with. Online retailers have
implemented tactics including drop shipping, inventory classification, hybrid techniques, pre-purchasing
goods, and others to overcome these problems. a stockless policy, in which orders from customers are
the sole way to buy stock. The research also highlighted that efficient inventory management significantly
contributes to improved customer satisfaction, benefiting long-term e-commerce enterprises. But the
stockless policy brings in The study looks at risks including decreased client satisfaction, lost sales, and
customer attrition. proposes strategies to mitigate these issues them, based on both primary and
secondary research data. [7] When evaluating To evaluate the performance of an inventory management
system, two critical metrics are stock-holding cost and service level.

Stock-holding costs are generally straightforward, calculated as a percentage of the total
inventory investment, factoring in elements like capital costs, insurance, warehousing, and obsolescence.
Service parts, particularly those requiring corrective maintenance, present substantial challenges for both
forecasting and inventory management. Poor stocking decisions can lead to either inadequate service or
excessive inventory, potentially causing obsolescence can lead to poor service or excessive inventory,
which may result in obsolescence. On the other hand, accurate forecasting and effective stock control
can reduce costs and enhance customer service. [8] The system should be capable of tracking the
average consumption rates of supplies and assist in forecasting future inventory needs. Implementing a
barcode system for supplies allows for real-time, accurate tracking of stock usage and helps identify any
unused inventory. A more advanced digital supply chain system can analyze usage trends, enabling
proactive supply management and aiding in decisions related to product distribution. [9] A significant
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amount Much A stochastic distribution for uncertain demand is assumed by the majority of the literature
currently available on inventory management. But as the literature points out, the answers depend heavily
on the distribution that is chosen, and using the wrong one can result in to significant negative
consequences lead to negative consequences. For instance, basing decisions on inaccurate probability
distributions can have detrimental effects. [10]

Materials and Method

The alternative approach highlights the research and development (R&D) and innovation
strategies of each company. Pfizer: Renowned for its swift development of the COVID-19 vaccine, Pfizer
continues to make significant investments in oncology and rare diseases. Johnson & Johnson: J&J
invests across a broad spectrum, including immunology, oncology, and vaccines. Roche: Specializes in
precision medicine and diagnostics, particularly in oncology. Novartis: Known for pioneering gene
therapies and maintaining a strong presence in immuno-oncology. AstraZeneca: Focuses heavily on
respiratory and oncology treatments, with an increasing emphasis on biologics. Evaluation parameters
focus on key factors that assess how well manufacturing activities align with organizational objectives and
improve operational effectiveness. These parameters include: Manufacturing Strategy: This examines
how manufacturing goals align with the overall business strategy, covering areas such as cost leadership,
guality improvement, flexibility, and responsiveness. Key indicators include lead times, cost efficiency,
product customization, and production flexibility. Formal Strategy Planning: This assesses the structured
approach to setting long-term manufacturing goals. It is evaluated based on goal clarity, stakeholder
involvement, and the ability to respond to market changes.

A successful plan ensures consistency, risk management, and continuous performance
improvement. Manufacturing Involvement: This measures how actively manufacturing teams are engaged
in decision-making and improvement initiatives. Key evaluation metrics include workforce empowerment,
cross-functional collaboration, and employee training programs. Supplier Involvement: The level of
collaboration with suppliers directly affects product quality, cost, and delivery efficiency. Evaluation criteria
include supplier relationship management, communication effectiveness, and integration of suppliers in
design and process development. Product Innovation: This assesses the company's ability to create
innovative products that meet market demands. Success is measured by new product development rates,
R&D investment, and responsiveness to customer feedback. Regarding The application of the Maximal
Objective, some considerations can be made concerning consumer sovereignty among homeowners.
The MOORA method yielded the following results: the top three positions were taken by three
contractors, while a fourth contractor was noted for its favorable ranking, and one contractor was placed
last. The criteria weights and normalization process were also addressed. This paper applies the ratio
analysis-based multi-objective optimization method (MOORA) to solve typical material selection
problems. The effectiveness of the complete multiplicative It is observed that all three methods are
straightforward to understand, easy to apply, and provide almost identical rankings of material options.

Given the varying units of these objectives, the dimensionless ratios in the MOORA method help
avoid the challenges associated with normalization. In the first part of the MOORA method, these ratios
were aggregated, and in the second part, they were used as distances to a reference point. The results
from both parts complement each other, serving as a test for robustness. Furthermore, MOORA
demonstrates a superior dominance over all other multi-objective optimization methods. For the facilities
sector in Lithuania, both parts of MOORA produced comparable rankings, providing a double check on
the robustness of the results. The Multi-Objective Optimization by Ratio Analysis (MOORA) method
meets six conditions with the support of the Ameliorated Nominal Group Technique and the Delphi
Method. Additionally, MOORA partially fulfills the seventh condition by applying two distinct multi-objective
optimization methods. MOORA is considered the most robust method, as no other method meets these
criteria. The MOORA method has been proven to be effective, and future research using more recent
data, larger sample sizes, and a greater number of quantifiable objectives could enhance its robustness.
The introduction of weights brings in subjectivity, but to avoid this issue, the internal mechanical solution
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of a ratio system, which generates dimensionless numbers, is preferred in MOORA. Moreover, this
approach allows for the use of an additional non-subjective reference point theory. The selection and
prioritization of objectives remain non-subjective as long as all involved stakeholders reach a consensus.
This theory is applied across various counties in Lithuania. At this point, it is no longer just a matter of
income redistribution, but also of national policy regarding new constructions. The Multi-Objective
Optimization by Ratio Analysis (MOORA) method satisfies the first six conditions and partially fulfills the
seventh condition by incorporating two different multi-objective optimization techniqgues. MOORA stands
out as the most robust method, as no other method has successfully met all seven conditions to the same
extent. Known for its simplicity and ease of computation, MOORA aids decision-makers in eliminating less
suitable alternatives and choosing the most optimal one, thus improving existing selection processes. The
MOORA method is especially useful for decision-makers without an advanced mathematical background.
It also requires less computation time compared to other methods. Unlike other Multi-Objective Decision-
Making (MODM) methods, which may need specialized software, MOORA can be used directly in MS
Excel, making it highly adaptable to different decision-making challenges.

This gives it a significant edge over other Multi-Criteria Decision-Making (MCDM) methods.
Furthermore, the Full Multiplicative Form of MOORA eliminates the need for normalization, reducing the
number of calculations and saving valuable time. MOORA is a relatively new MCDM method that employs
a multi-objective optimization approach to solve decision-making problems. MOORA is known for its
simple operational steps, which involve grouping different predictions. One of its main advantages is the
ability to normalize alternatives using non-directional values, avoiding subjective normalization. Most
research in the MOORA application area centers around material selection, including material
optimization, graphene nanofluids, bio-polymer selection, sustainable materials, rotational molding
processes, and waste material screening. Furthermore, MOORA has been applied in fields like the
welding process and surface roughness, particularly in automated welding and optimizing surface
roughness. MOORA continues to be widely used across regions such as Europe, Asia, Africa, and
Australia. Table 12 illustrates the frequency and percentage of papers published from various countries,
with India having the largest share of authors, followed by Turkey and Iran in second and third positions,
respectively. The reviewed papers were categorized by author nationality, publication year, and journal of
publication. The study also investigated other Multi-Criteria Decision-Making (MCDM) techniques. As part
of a hybrid strategy, a number of techniques have been investigated in addition to MOORA. For instance,
the ranking of performance criteria in Flexible Manufacturing Systems (FMS), especially when taking
gualitative elements into account, is assessed using a combined MADM methodology that incorporates
both MOORA and PSI. These methods let researchers give appropriate values by using fuzzy logic to
convert qualitative qualities into a conversion scale. Several techniques, such as MOORA, can be used in
SPK situations. In this study, the researchers compared the When choosing UKT scholarship applicants,
the WASPAS and MOORA methodologies are combined because they both effectively address difficult
issues by streamlining and expediting the decision-making process. pupils who meet certain requirements
are identified by the MOORA technique, which determines the value of pupils eligible for the Single.

TABLEL: Data Set

Manufacturing Formal strategy | Manufacturing Supplier Product

strategy planning involvement involvement innovation
Firm 1 0.0466 0.026 0.0154 0.0042 0.0034
Firm 2 0.0333 0.013 0.0137 0.0074 0.0061
Firm 3 0.0266 0.023 0.0085 0.0084 0.0061
Firm 4 0.0533 0.023 0.0085 0.0095 0.0041
Firm 5 0.0466 0.026 0.0137 0.0095 0.0054
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Table 1 present Data Set provides values for five companies across essential performance
metrics, This includes factors such as manufacturing strategy, formal strategy planning, Firm 1 stands out
with the highest manufacturing strategy value (0.0466) and formal strategy planning (0.0261), suggesting
a strong focus on strategic alignment and planning. However, its lower values for manufacturing
involvement (0.0154), supplier involvement (0.0042), and product innovation (0.0034) indicate less
emphasis on these areas. Firm 2 exhibits a moderate approach, with manufacturing strategy (0.0333) and
formal strategy planning (0.013) lower than Firm 1 but shows a slightly higher focus on supplier
involvement (0.0074) and product innovation (0.0061). Firm 3 and Firm 4 have similar formal strategy
planning (0.0228) and supplier involvement values, with Firm 3 placing more emphasis on formal
planning, while Firm 4’s manufacturing strategy (0.0533) is the highest. Firm 5 mirrors Firm 1 in its
manufacturing strategy and formal planning, but its involvement and innovation scores are modest. The
dataset reflects differing strategic priorities across firms, with some focusing more on manufacturing
strategies, while others emphasize supplier relationships or innovation.

0.06
0.05
0.04
0.03
0.02
I il
. ull I =1 | Il
Manufacturing strategy =~ Formal strategy Manufacturing Supplier involvement ~ Product innovation
planning involvement

EFirm1 ®Firm?2 Firm 3 Firm4 ®Firm5

FIGURE1: Data Set

Figure 1 present Firm 1 stands out with the highest manufacturing strategy value (0.0466) and
formal strategy planning (0.0261), suggesting a strong focus on strategic alignment and planning.
However, its lower values for manufacturing involvement (0.0154), supplier involvement (0.0042), and
product innovation (0.0034) indicate less emphasis on these areas. Firm 5 mirrors Firm 1 in its
manufacturing strategy and formal planning, but its involvement and innovation scores are modest. The
dataset reflects differing strategic priorities across firms, with some focusing more on manufacturing
strategies, while others emphasize supplier relationships or innovation.

TABLE 2: Normalized Data

Normalized Data

Manufacturing | Formal strategy | Manufacturing Supplier Product
strategy planning involvement involvement | innovation
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Firm 1 0.4912 0.5147 0.5597 0.2335 0.2960
Firm 2 0.3510 0.2564 0.4979 0.4115 0.5310
Firm 3 0.2804 0.4497 0.3089 0.4671 0.5310
Firm 4 0.5618 0.4497 0.3089 0.5282 0.3569
Firm 5 0.4912 0.5147 0.4979 0.5282 0.4701

The normalized data in Table 2 strategies. Firm 1 shows relatively strong performance in
manufacturing strategy (0.4912) and formal strategy planning (0.5147), but it has lower scores in supplier
involvement (0.2335) and product innovation (0.2960), indicating a possible focus on internal processes.
Firm 2's strengths lie in supplier involvement (0.4115) and product innovation (0.5310), while it scores
lower in manufacturing strategy (0.3510) and formal planning (0.2564), suggesting an approach driven
more by external collaboration and innovation. Firm 3 demonstrates a more balanced approach with
moderate involvement across the board, particularly in supplier involvement (0.4671) and product
innovation (0.5310). Firm 4’s manufacturing strategy (0.5618) is its key strength, alongside its supplier
involvement (0.5282), yet its product innovation (0.3569) is lower. Firm 5's scores indicate a well-rounded
strategy, with notable involvement in formal planning, supplier relations, and product innovation.

TABLE 3: Weight

Weight
0.20 0.20 0.20 0.20 0.20
0.20 0.20 0.20 0.20 0.20
0.20 0.20 0.20 0.20 0.20
0.20 0.20 0.20 0.20 0.20
0.20 0.20 0.20 0.20 0.20

Table 3 shows the allocation of weights among five variables: Each variable is assigned an equal
weight of 0.20, suggesting that all factors are considered equally important in evaluating the firms' overall
performance. This equal weighting indicates that no single factor is prioritized over the others, implying
that the assessment model treats all these strategic areas with equal significance. Firms will be assessed
based on their performance in each of these areas, and the results will be averaged or combined to
provide an overall assessment score. This approach reflects a balanced evaluation method, where
manufacturing strategy, formal strategy planning, and involvement in manufacturing, suppliers, and
innovation all contribute equally to the final outcome. This methodology ensures that a comprehensive
view of each firm’s strategy is taken into account.

TABLE 4: Weighted normalized DM

Weighted normalized DM

0.0982 0.1029 0.1119 0.0467 0.0592

10
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0.0702 0.0513 0.0996 0.0823 0.1062
0.0561 0.0899 0.0618 0.0934 0.1062
0.1124 0.0899 0.0618 0.1056 0.0714
0.0982 0.1029 0.0996 0.1056 0.0940

Table 4 presents the weighted normalized data for five firms across five strategic factors, with
each factor assigned an equal weight of 0.20 as indicated in the previous table. The weighted normalized
values reflect the adjusted scores for each firm after considering the importance of each variable. For
instance, Firm 1 has the highest weighted scores in manufacturing involvement (0.1119) and formal
strategy planning (0.1029), yet lower scores in supplier involvement (0.0467) and product innovation
(0.0592), indicating its stronger focus on manufacturing and planning strategies.

Firm 2 exhibits a relatively balanced distribution of scores, with notable performance in product
innovation (0.1062) and supplier involvement (0.0823). Firm 3 places emphasis on supplier involvement
and product innovation, both with scores of 0.1062, while Firm 4's strongest area is manufacturing
strategy (0.1124). Firm 5 shows a generally well-rounded strategy, with significant scores in formal
strategy planning and supplier involvement.

TABLE 5: Assessment value

Assessment value
Firm 1 0.4190
Firm 2 0.4096
Firm 3 0.4074
Firm 4 0.4411
Firm 5 0.5004

Table 5 presents the assessment values for each of the five firms, derived from the weighted
normalized data in previous tables. These values reflect the overall performance of each firm across the
five strategic factors Firm 5 has the highest evaluation score of 0.5004, indicating it demonstrates a
robust performance across the five variables: The key factors include manufacturing strategy, structured
strategy planning, participation in manufacturing, collaboration with suppliers, and innovation in products.
balance across all areas, with notable performance in formal planning and supplier involvement.

Firm 4 follows closely with a value of 0.4411, indicating a solid focus on manufacturing strategy
and supplier involvement. Firm 1 has an assessment value of 0.4190, highlighting its strength in
manufacturing strategy and formal planning, but it lags behind in innovation and supplier involvement.
Firm 2 (0.4096) and Firm 3 (0.4074) have lower assessment values, with Firm 2 performing relatively
better in product innovation and supplier involvement. This ranking illustrates the varying strategic
priorities of the firms.

11
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FIGURE 2: Assessment Value

Figure 2 present Firm 2 (0.4096) and Firm 3 (0.4074) have lower assessment values, with Firm 2
performing relatively better in product innovation and supplier involvement. This ranking illustrates the
varying strategic priorities of the firms. The key factors include manufacturing strategy, structured strategy
planning, participation in manufacturing, collaboration with suppliers, and innovation in products. balance
across all areas, with notable performance in formal planning and supplier involvement.

TABLE 6: Rank

Rank

Firm 1

Firm 2

Firm 3

N O b~ W

Firm 4

Firm 5 1

Table 6 presents the ranking of the five firms based on their assessment values from Table 5.
The ranks reflect the overall strategic performance of each firm across the five key areas: Manufacturing
approach, structured strategic planning, participation in manufacturing, supplier engagement, and product
development innovation. Firm 5 holds the top rank (1), indicating that it has the strongest overall
performance, benefiting from a well-rounded strategy across the various factors. Firm 4 is ranked second
(2), performing well particularly in manufacturing strategy and supplier involvement. Firm 1, with a rank of
3, has a solid focus on manufacturing strategy and formal planning, but its performance in other areas is
less impressive. Firm 2 (ranked 4) is noted for its strengths in product innovation and supplier
involvement, but it lags in other areas. Firm 3, ranked fifth (5), has the lowest overall assessment,
indicating weaker performance across the evaluated factors.

12
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FIGURE 3: Rank

Figure 3 Firm 5 holds the top rank (1), indicating that it has the strongest overall performance,
benefiting from a well-rounded strategy across the various factors. Firm 3, ranked fifth (5), has the lowest
overall assessment, indicating weaker performance across the evaluated factors.

CONCLUSION

In conclusion, the rankings reveal varying levels of strategic performance among the five firms.
Firm 5 leads with the highest rank, showcasing a well-rounded and robust approach across all key areas.
Firm 4 follows closely, excelling in manufacturing strategy and supplier involvement, but a lower product
innovation score prevents it from reaching the top spot. Firm 1 is ranked third, performing well in
manufacturing and formal planning but falling short in innovation and supplier engagement, which affects
its overall performance. Firm 2, focused on innovation and supplier involvement, struggles in other areas,
placing it in the fourth position. Firm 3 ranks the lowest, reflecting weaker performance across most of the
evaluated factors. The rankings underscore the importance of maintaining a balanced strategy that
incorporates all critical areas. Firms that demonstrate strength across multiple factors, like Firm 5, tend to
outperform those with narrower focuses. This highlights the advantage of a comprehensive approach to
strategic management for overall success.
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Analyzing Supply Chain Efficiency in HAL's Avionics Division Using SPSS: A
Statistical Exploration

Sustainability encompasses interconnected economic, social, and environmental dimensions,
along with supply chain components. In this context, selecting the right suppliers emerges as a crucial
factor for integrating a sustainable supply chain process. Suppliers that prioritize green practices are vital
for achieving sustainability. Multi-criteria decision-making (MCDM) techniques, which offer critical decision
support, play a key role in enhancing rationality and efficiency for decision-makers in green supplier
selection. This study began with a comprehensive literature review to identify criteria for selecting green
suppliers, categorized into three main areas: Resource Utilization and Green Competence (including
green storage, green recycling, green production capacity, green packaging, and pollution control),
Economic Criteria (delivery time), and Quality (warranty and rights policies).

After determining and weighting these criteria, the selection of green suppliers was conducted
using the ARAS method, a multi-criteria decision-making technique that has seen significant
advancements in recent years. The analysis evaluated seven alternative suppliers, with supplier A3
consistently ranking as the most suitable. Despite slight variations in rankings depending on the method
applied, A3 emerged as the top choice. The adoption of MCDM techniques in the study highlights their
ability to provide comparative results, revealing their respective strengths. Additionally, employing these
techniques helps ensure accurate strategic decision-making from the outset, minimizing potential errors
and contributing to more effective outcomes.

Keywords: supply chain management, MCDM technique

INTRODUCTION

In order to guarantee that goods are produced and delivered in the appropriate amounts, to the
appropriate locations, and at the appropriate times, supply chain management, or SCM, comprises a
variety of tactics and procedures intended to link manufacturers, suppliers, warehouses, and consumers.
The main goal is to improve customer service while lowering overall system expenses. Various
guantitative methods have been developed for SCM, typically falling into two main categories: discrete
event simulation methods and mathematical programming approaches [1]. Discrete event simulation in
SCM primarily addresses tactical and operational decisions, such as inventory management, material
handling, layout optimization, and vehicle routing or scheduling. Conversely, mathematical programming
techniques are predominantly applied to long-term strategic decision-making processes. In the context of
today's globalized and competitive markets, supply chain networks have grown increasingly intricate and
face heightened uncertainty [2]. Despite the extensive body of literature on SCM, many of the existing
methods encounter challenges in addressing the complexity inherent in real-world supply chain networks.
Notably, most models are constrained to describing only a narrow range of supply chain scenarios and
rely on significant simplifications to achieve feasibility [3].

Supplier benchmarking is a valuable tool for identifying opportunities for improvement within a
supply chain, ultimately boosting the overall efficiency of supply chain management (Esain, 2000). A well-
managed supply chain provides several benefits, such as enhanced customer satisfaction, increased
value, and improved responsiveness. Responsiveness refers to the network's ability to reduce lead times,
adjust to unforeseen demand fluctuations, and manage market uncertainties (Gaudenzi and Borghesi,
2006). However, the interconnected nature of organizations within integrated supply chain networks also
heightens their exposure to disruptions, raising the risks involved [4-6].
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Both practitioners and researchers are quite concerned about the possibility of disruptions
brought on by both external environmental impacts and internal supply chain variables. Accordingly,
Supply Chain Risk Management (SCRM), which focuses on locating, evaluating, analyzing, and resolving
risks and vulnerabilities within supply chains, has grown in importance (Neiger et al., 2009). Effective
SCRM is necessary because of a number of trends that have increased risk exposure, including
increased outsourcing, globalization, shrinking supplier bases, reducing safety stocks, the need for on-
time delivery, and shorter product life cycles (Norrman and Jansson, 2004). Numerous real-world
examples that highlight the significant consequences of poor preparation and reactions to disruptive
occurrences serve to further underscore this significance [7-8]. One well-known example is the PRAM
methodology created by Dow Chemical Company, which evaluates supply chain risks and their
consequences by taking into account factors like supply market risk, supplier risk, organizational risk, and
supply strategy risk. SCRM approaches are intended to evaluate supplier characteristics and supply
chain structures in order to compare suppliers, predict potential disruptions, and formulate appropriate
mitigation and response strategies (Giunipero and Eltantawy, 2004)[9,10].

This paper aims to evaluate and assess the quality of a faculty website using a multiple criterion
decision-making (MCDM) approach. The goal is to create a user-friendly yet effective MCDM model that
allows decision-makers to compare a faculty website with those of other faculties. To accomplish this, the
study utilizes the ARAS method, a simple yet efficient MCDM technique, to build the model [1,8].

Literature review:Effective mathematical tools are gaining significant attention for analyzing and
addressing supply chain risk management, driven by growing concerns about supply chain vulnerabilities.
While much of the research in this area is qualitative and empirical, there is also a substantial body of
model-based studies in the literature. Arntzen et al., for instance, developed a mixed-integer
programming model to optimize supply contracts, supplier relationships, supply network design, and
supplier order allocation. In a similar vein, Camm et al. suggested an integer programming approach for
Procter & Gamble that concentrated on supplier selection and supply network design [9]. Levy developed
a simulation model to assess how supplier dependability and demand unpredictability affect the operation
of various supply networks and contracts. Furthermore, Lee and Tang created a stochastic inventory
model to examine the trade-off between turnkey and consignment agreements in the presence of demand
uncertainty. In their investigation of global facility network design [10], Kouvelis and Rosenblatt put out a
mixed-integer programming model that weighs important design trade-offs while taking taxation, trade
tariffs, and government subsidies into account. Global supply chain risk optimization was studied by
Smith and Huchzermeier, who demonstrated how actual options might help multinational manufacturing
firms. A parametric linear programming technique was presented [11] by Bogataj and Bogataj to evaluate
supply chain risks, particularly with regard to lead time disruptions. A stochastic model for multi-stage
global supply chain networks was created by Mark et al. to account for risks like supply, demand,
disruptions, and changes in currency rates. Their methodology takes into account plant capacity
constraints and market demand requirements in order to optimize a company's worldwide after-tax profit.
In order to minimize total costs, including inventory and protection fees, Hopp and Yin devised a nonlinear
mixed-integer programming (NLMIP) model to examine supply disruptions brought on by catastrophic
failures. In order to lower the chances of disruption, their study evaluated several protection techniques
[12].

Multi-objective mathematical programming was used by Buffa and Jackson to address supplier
selection issues. A three-criteria mathematical approach for choosing suppliers that took capacity
limitations into consideration was put up by Wadhwa and Ravindran. In order to pick suppliers, Xia and
Wu created a four-objective mixed-integer programming model that takes volume-based price breaks into
account. Bundschuh et al. examined the robustness and dependability of supply chains using an NLMIP
model. In order to control demand and inventory risks in a consumer electronics supply chain, Sodhi
proposed linear programming models and two risk measures.
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Supply Chain Risk Management (SCRM) refers to "the identification and management of risks
within the supply chain through a coordinated effort among its members to reduce overall vulnerability."It
is widely accepted that the SCRM process consists of five stages: risk identification, assessment,
analysis, treatment, and monitoring, despite the fact that other frameworks with varied terminology have
been proposed (Giannakis and Papadopoulos, 2016). Modelling the interdependencies of risks, the
decision maker's risk appetite, the interactions between risks and strategies, and the research
methodology employed are the four main categories into which pertinent papers for this study are
categorized [13].

In their 2007 study, Ritchie and Brindley outlined five essential components of Supply Chain Risk
Management (SCRM): risk drivers (primary and secondary), risk management-influencing factors
(rewards, risks, timelines, and portfolios), decision-maker attributes (perceptions, attitudes, and
experiences), risk management responses (monitoring, mitigation, and avoidance), and performance
outcomes (profit, strategic advantage, and personal impact) [14].

Risks are categorized using qualitative scales and a probability-impact matrix in a variety of
gualitative frameworks that have been presented to identify risks and offer general solutions for managing
them. To handle risks in the aircraft industry, for instance, Sinha et al. developed an approach based on
Failure Modes and Effects Analysis (FMEA) [15]. With the help of survey data and empirical case studies,
Giannakis and Papadopoulos created a framework for managing sustainability-related risks across
environmental, social, and economic dimensions. Khan et al. emphasized how a large UK store manages
supply chain risks associated with design by using a conventional risk matrix[16]. Manuj and Mentzer
developed a framework for global supply chain managers to recognize risks and put suitable plans into
place by fusing ideas from logistics, supply chain management, operations, strategy, and international
business.

MATERIALS AND METHODS

Risk management: Risks to supply networks include economic downturns, diseases, natural
disasters, IT malfunctions, and more. Supply Chain Risk Management (SCRM) is the collective term for a
variety of risk management strategies intended to lower risk exposure within supply networks. Although
these tactics are typically categorized as risk mitigation in the SCRM literature, this study defines risk
mitigation as proactive measures done prior to a disruption. In contrast, reactive strategies, which are
employed after a disruption, are termed contingency strategies [15]. These strategies include measures
like safety stock, multi-sourcing, information sharing, collaboration, and contingency rerouting, all of which
emphasize increasing redundancy or flexibility in the supply chain.

Managing the impact of risk is difficult, as major incidents can have far-reaching effects and
change how people perceive a company or brand. For example, nestle faced significant consequences
from a boycott of its products after accusations of improperly promoting formula milk as a replacement for
breastfeeding in developing countries. This boycott officially lasted for ten years, and many people still
follow it now. In spite of popular belief, it is important to understand that zero risk is not possible. Even
while conventional wisdom occasionally contends that human risk-taking is the primary cause of
accidents, modern company management recognizes both risk and risk-taking. Businesses and
individuals, however, constantly weigh the advantages and disadvantages of risks and rewards [10].
Decisions are impacted by the organization's risk-taking policy, the possible rewards, and the acceptable
amount of risk. While some businesses and people actively seek out danger, others are risk-averse. An
individual’s or organization’s attitude toward risk is shaped by both their business environment and
personal preferences. Experience also plays a role: for instance, industries like banking, once willing to
take on more risk, may become more cautious after experiencing major losses, such as those linked to
Nick Leeson’s actions. Furthermore, people’s perspectives on life influence their approach to risk. Some
view life as unpredictable and uncontrollable, while others intervene when things spiral out of control.
Some remain optimistic, not anticipating risks, while others are more cynical and cautious, perceiving life
as fragile and unforgiving [11].
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Supplier selection and evaluation: Foster and Whiteman (2006) emphasize a trend towards
forming closer partnerships with a smaller number of suppliers in supply chain networks, which enhances
supplier performance. Choi and Kim (2008) suggest that buyer organizations should not only evaluate a
supplier's performance within their own supply chain network but also assess how the supplier performs
in its broader network. Consequently, the capacity to methodically select suppliers who can meet or
beyond both individual and collective performance goals has grown in importance for buying
organizations. Moreover, these organizations require mechanisms to continuously monitor the
performance of their supply network members [8]. The literature discusses a number of supplier selection
and assessment techniques, including the analytic hierarchy process, data envelopment analysis, fuzzy
systems, multiple regression analysis, and process capability analysis. Recently, sustainability and
environmental factors have become key elements in the supplier selection and evaluation processes for
many organizations. As supply chains grow more interdependent, researchers have begun developing
risk-based approaches to supplier selection and evaluation.

Decision-making begins with identifying a problem, and for a decision to be made, there must be
at least one alternative solution to address the issue. Most decisions made in environments of certainty,
uncertainty, and risk are complex due to the multiple criteria involved and the varying weights of these
criteria. Decision-makers benefit greatly from the use of multi-criteria decision-making (MCDM)
techniques [18], which have made major strides in recent years and are frequently employed in research.
These methods aid in the rationalization and efficiency of the decision-making process by dissecting
choice difficulties into smaller, easier-to-manage components. In the context of choosing green suppliers,
this study makes use of MCDM methodologies, particularly the ARAS method. The goal is to ensure that
the methods complement each other and to avoid potential errors during implementation. A case study
will be used to test the ARAS method [17]. As construction technologies and building materials evolve
and citizens' demands increase, the evaluation of a building's internal climate has become crucial. In real
estate evaluation, factors like price, maintenance costs, space, and location are often considered, while
elements like indoor climate, which significantly affect the health and well-being of residents, are
neglected [18]. Assessing the internal climate should be part of real estate valuation because research
has shown that it can uncover significant flaws in buildings, helping to avoid potential costs associated
with purchasing low-quality properties.

A novel ARAS technique will be used to rank the options and choose the best one. Ranking a
small number of decision alternatives, each with several decision criteria that need to be considered
jointly, is the classic MCDM problem. The utility function value, which represents the overall relative
efficiency of a viable alternative, is directly proportional to the sum of the weights and values of the
project's main criteria, according to the ARAS technique [19-22].

Step 1: Determine which performance rating is optimal for every criterion. Finding each criterion's
greatest performance rating comes next in the ARAS approach after the decision matrix has been
created. The ideal ratings are determined by predetermined criteria in the event that decision-makers lack
specific preferences.

Step 2:The decision matrix should be normalized. To guarantee that they are similar across several
parameters, the performance ratings are standardized.

Step 3: Determine the normalized weighted decision matrix. At this point, the normalized scores are
modified according to each criterion's relative importance.

Step 4:For every option, determine the total performance index. Each alternative's weighted normalized
ratings are added up to create this index.

Step 5:Evaluate each option's level of usefulness. In addition to determining which faculty website has
the greatest ranking, it's critical to assess how well the other websites stack up against the top-ranked
one [23-26].
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RESULT AND DISCUSSION

TABLE 1. Supplierselection data sets

Green Green Green Green Pollution | Warranty and | Delivery
Storage | Recycling | Production Packaging | Control | Right Policies | Time
Capacity

Max or Min 9 9 9 9 9 9 14
Al 6 9 7 8 8 7 16
A2 8 6 4 9 7 8 18
A3 9 5 9 7 9 9 19
A4 7 8 6 7 6 7 14
A5 9 3 8 9 7 8 16
A6 8 9 6 8 9 6 18
A7 6 6 8 6 8 8 17

The data in Table 1 represents a set of supplier selection criteria used to evaluate seven
suppliers (Al through A7) based on various factors related to green practices and logistical performance.
Each supplier is assessed across seven criteria: Green Storage, Green Recycling, Green Production
Capacity, Green Packaging, Pollution Control, Warranty and Right Policies, and Delivery Time. For each
criterion, a maximum or minimum value is provided, indicating the desired performance outcome. A
higher value represents better performance for each criterion, except for Delivery Time, where a lower
value is preferred (i.e., shorter delivery time is better).

The suppliers' performance in each criterion is assessed through numerical ratings. For example,
Supplier Al scores 6 in Green Storage, 9 in Green Recycling, and so on, reflecting its overall strengths
and weaknesses across the different categories. Supplier A2, on the other hand, has a rating of 8 in
Green Storage, 6 in Green Recycling, and 4 in Green Production Capacity, showing different strengths in
sustainability but potential weaknesses in production capacity.

The table enables comparison across different suppliers based on multiple criteria, with an
emphasis on sustainability-related factors, such as green storage, recycling, production capacity, and
packaging, alongside logistical aspects like warranty policies and delivery time. This comprehensive data
provides a solid foundation for decision-makers looking to select a supplier based on both environmental
responsibility and operational performance, balancing sustainability with practical considerations like
delivery time and product warranty. The use of multiple criteria ensures a well-rounded evaluation
process, considering a broad range of factors that impact the overall performance of suppliers in real-
world supply chain contexts.

TABLE 2.Normalization of decision matrix

Green Green Green Green -Pollution | Warranty and | Delivery
Storage | Recycling | Production Packaging | Control Right Policies | Time
Capacity
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Max or | 0.145161 | 0.163636 | 0.157895 0.142857 | 0.142857 | 0.142857 0.106061
Min

Al 0.096774 | 0.163636 | 0.122807 0.126984 | 0.126984 | 0.112903 0.121212
A2 0.129032 | 0.109091 | 0.070175 0.142857 | 0.111111 | 0.129032 0.136364
A3 0.145161 | 0.090909 | 0.157895 0.111111 | 0.142857 | 0.145161 0.143939
A4 0.112903 | 0.145455 | 0.105263 0.111111 | 0.095238 | 0.112903 0.106061
A5 0.145161 | 0.054545 | 0.140351 0.142857 | 0.111111 | 0.129032 0.121212
A6 0.129032 | 0.163636 | 0.105263 0.126984 | 0.142857 | 0.096774 0.136364
A7 0.096774 | 0.109091 | 0.140351 0.095238 | 0.126984 | 0.129032 0.128788

Warranty and Right Policies

Green Production Capacity

Table 2 presents the normalized decision matrix, which converts the original performance values
into standardized scores for each supplier across various criteria. The normalization process ensures that
all criteria are comparable by adjusting the scale of their values relative to the maximum or minimum
performance benchmarks. The table highlights the normalized scores for seven suppliers (Al through A7)
across seven evaluation criteria, including Green Storage, Green Recycling, Green Production Capacity,
Green Packaging, Pollution Control, Warranty and Right Poalicies, and Delivery Time.For example, in the
Green Storage criterion, Supplier A1 scores 0.096774, while Supplier A3 scores the highest at 0.145161,
indicating better performance in this area. Similarly, in the Pollution Control criterion, A3 and A6 both
perform well with scores of 0.142857, whereas A4 scores the lowest at 0.095238. This normalized matrix
facilitates the comparison of supplier performance on a consistent scale, helping decision-makers to
assess each supplier’s relative efficiency across multiple dimensions.

Delivery Time
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Green Storage
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The figure 1 displays performance ratings for seven suppliers across seven criteria, including
Green Storage, Green Recycling, and Pollution Control. Supplier A3 stands out with high ratings in Green
Storage (0.145161) and Green Production Capacity (0.157895), while Supplier A2 shows a lower Green
Recycling score of 0.109091. Supplier A1l has strong performance in Green Recycling (0.163636) but
lower values in other areas like Green Production Capacity (0.122807). Supplier A5 excels in Green
Storage (0.145161) and Green Packaging but lags in other metrics, while Supplier A7 demonstrates
consistent but modest scores across all criteria.

TABLE 3. Weighted Normalization of decision matrix

Weight 0.1 0.18 0.22 0.15 0.13 0.11 0.11
Green Green Green Green -Pollution | Warranty | Delivery

Storage | Recycling | Production | Packaging | Control and Time

Capacity Right
Policies
Maxor | 0.014516 | 0.029455 | 0.034737 | 0.021429 | 0.018571 | 0.018571 | 0.011667
Min

Al 0.009677 | 0.029455 | 0.027018 | 0.019048 | 0.016508 | 0.014677 | 0.013333

A2 0.012903 | 0.019636 | 0.015439 | 0.021429 | 0.014444 | 0.016774 0.015
A3 0.014516 | 0.016364 | 0.034737 | 0.016667 | 0.018571 | 0.018871 | 0.015833
Ad 0.01129 | 0.026182 | 0.023158 | 0.016667 | 0.012381 | 0.014677 | 0.011667
A5 0.014516 | 0.009818 | 0.030877 | 0.021429 | 0.014444 | 0.016774 | 0.013333

A6 0.012903 | 0.029455 | 0.023158 | 0.019048 | 0.018571 | 0.012581 0.015
A7 0.009677 | 0.019636 | 0.030877 | 0.014286 | 0.016508 | 0.016774 | 0.014167

Table 3 displays the weighted normalization of the decision matrix, where each normalized score
is multiplied by the corresponding weight assigned to each criterion. The weights represent the relative
importance of each criterion, with values ranging from 0.1 to 0.22. The weighted normalized scores for
each supplier (A1 to A7) are shown across the seven evaluation criteria: Green Storage, Green
Recycling, Green Production Capacity, Green Packaging, Pollution Control, Warranty and Right Policies,
and Delivery Time.

For instance, the weighted normalized score for Supplier Al in the Green Storage criterion is
calculated as 0.009677 multiplied by the weight of 0.1, resulting in a score of 0.009677. Similarly, for the
Green Production Capacity criterion, Supplier A2 achieves a weighted score of 0.015439, reflecting its
performance in relation to the assigned weight. This process allows for a more accurate evaluation of
each supplier by considering both their performance and the relative importance of each criterion. The
weighted matrix is essential for comparing and prioritizing suppliers based on comprehensive and well-
balanced criteria.
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Weighted Normalization of decision matrix
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FIGURE 2.Weighted Normalization of decision matrix

Figure 2 presents the weighted normalized values for seven suppliers across various criteria.
Each criterion is evaluated with either a maximization or minimization goal. For example, Supplier Al
shows a normalized value of 0.009677 in Green Storage, with a higher value in Green Recycling
(0.029455). Supplier A2 has relatively lower normalized scores in Green Production Capacity (0.015439)
and Warranty and Right Policies (0.016774), but performs well in Green Packaging (0.021429). Supplier
A3 excels in Green Production Capacity with a score of 0.034737, while Supplier A5 demonstrates
consistent ratings, including a strong score of 0.030877 in Green Production Capacity.

Table 4. Si and Ki

Si Ki
Max Or Min 0.148946 1
Supplier A1 0.129716 0.870894
Supplier A2 0.115625 0.776293
Supplier A3 0.135559 0.910124
Supplier A4 0.116022 0.778954
Supplier A5 0.121192 0.813666
Supplier A6 0.130715 0.877605
Supplier A7 0.121925 0.818591
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Table 4 presents the Si and Ki values, which are calculated to represent the overall performance
and the relative efficiency of each supplier. The Si values reflect the total weighted performance for each
alternative, indicating the degree of fulfilment of the criteria. The higher the Si value, the better the
supplier's overall performance in relation to the criteria being evaluated.

On the other hand, the Ki values represent the relative efficiency of each supplier, which is
derived by comparing each supplier's Si value to the highest Si value in the set. A Ki value of 1
corresponds to the supplier with the highest Si, indicating the most efficient supplier. Suppliers with Ki
values below 1 have a lower relative efficiency, as shown in the table.

For example, Supplier Al has the highest Si value of 0.148946 and a Ki value of 1, indicating it is
the best-performing and most efficient supplier. Supplier A2, with a Si value of 0.129716, has a Ki value
of 0.870894, showing that it is less efficient than Al but still a strong contender. These values allow
decision-makers to assess each supplier's performance and rank them based on their relative efficiency.

Table 4. Rank
Supplier A1 3
Supplier A2 7
Supplier A3 1
Supplier A4 6
Supplier A5 5
Supplier A6 2
Supplier A7 4

Table 4 provides the ranking of suppliers based on their performance evaluation. The suppliers
are ranked according to their calculated values, with Supplier A3 leading as the highest-ranked at position
1, followed by Supplier A6 in second place. Supplier A1 holds the third position, while Supplier A7 is
ranked fourth. Supplier A5 is in fifth place, with Supplier A4 coming in sixth. Finally, Supplier A2 is ranked
seventh. This ranking reflects each supplier's relative performance and efficiency in fulfilling the set
criteria.
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Rank

SUPPLIER A1 SUPPLIER A2 SUPPLIER A3 SUPPLIER A4 SUPPLIER A5 SUPPLIER A6 SUPPLIER A7

FIGURE 3. Ranking

The Figure 3 Shows suppliers are ranked as follows: Supplier A1 holds the 3rd position, Supplier
A2 is ranked 7th, Supplier A3 is in 1st place, Supplier A4 is 6th, Supplier A5 is in 5th place, Supplier A6
takes 2nd, and Supplier A7 is ranked 4th.

CONCLUSION

This study aimed to select the most suitable green supplier from seven alternatives. First, a
review of the literature was conducted to identify seven key criteria for green supplier selection. These
criteria were then scored and weighted based on expert opinions, resulting in the creation of a decision
matrix. The use of multi-criteria decision-making approaches was justified by the significance of several
factors with different weights. The vendors were assessed using the ARAS approach.

This method was chosen in order to evaluate the outcomes' dependability. According to the
ARAS technique, the study discovered that several providers were ranked first. It was suggested that
another multi-criteria decision-making technique be used to validate the findings. This was achieved in
the study, and the common supplier ranked first across both methods. Additionally, using ARAS methods
helped to minimize the risk of incorrect decision-making.
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Evaluating E-commerce Supply Chain Performance A Multi-Criteria Analysis
Using ELECTRE Method

This study delves into the intricate dynamics of supply chain management within the e-commerce
realm, exploring four key firms through a prism of multifaceted operational challenges and performance
indicators. As e-commerce increasingly shapes the landscape of global trade, the need to understand
and fine-tune supply chain performance has become paramount, serving as a cornerstone for securing a
competitive edge and bolstering operational efficiency. The research offers substantial value, not only to
industry professionals but also to academics, presenting a robust framework for evaluating supply chain
performance in the digital era. Leveraging the ELECTRE method to dissect various operational metrics,
this study uncovers actionable insights that empower organizations to refine their supply chain strategies
while maneuvering through the complexities inherent in e-commerce operations.

Methodologically, the research employs the ELECTRE multi-criteria decision-making framework
to assess four firms across six pivotal dimensions: supply chain disruptions, logistics hurdles, demand-
supply imbalances, technological and cyber security risks, sustainability and ethical sourcing concerns,
and market volatility. This rigorous approach facilitates a nuanced comparison of firm performance, all
while factoring in the diverse weight of various operational elements. The findings expose a distinct
hierarchy among the assessed firms, with Firm D standing out as the frontrunner, despite grappling with
particular operational hurdles. The analysis underscores that the most significant factors influencing
overall performance are demand-supply imbalances and supply chain disruptions, carrying weights of
33.55% and 23.36%, respectively.

The results suggest that achieving excellence in e-commerce supply chain management doesn't
necessarily hinge on stellar performance across all parameters. Instead, it depends on strategic prowess
in pivotal areas capable of compensating for shortcomings in others. Ultimately, the study emphasizes
that effective supply chain management within the e-commerce realm demands a nuanced, balanced
approach, juggling multiple, often conflicting factors while keeping a sharp focus on the crucial operational
elements that propel overall success.

Keywords: E-commerce Supply Chain, ELECTRE Method, Multi-criteria Decision Analysis,
Supply Chain Performance, Operational Excellence and Supply Chain Optimization.
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INTRODUCTION

The supply chain encompasses the entire range of economic and operational actions necessary
to move a product from warehouses, or even production hubs, to consumers. In essence, supply chain
management is the realization of policies governing production, warehousing, transportation, retailing,
and customer service, all woven together cohesively. It stands as one of the pivotal pillars of global trade.
As international commerce expands, the rise of world-class factories and commercial establishments
becomes undeniable. Yet, with this growth comes a surge in market competition, creating a daunting
challenge for organizations to navigate. In this high-stakes arena, delivering products or services cost-
effectively, while safeguarding quality, is no easy feat. In today’s world of e-commerce, companies have
emerged as formidable players in supply chain management, given the prevalence of online transactions.
Still, the operation of these digital platforms brings with it a host of challenges and limitations, especially
as they bridge the gap between suppliers and consumers. Thus, understanding the manifestation of these
challenges, along with assessing the ranking of supply chain networks, is crucial to grasping the overall
effectiveness of these global systems [1-2]. The rapid surge of E-commerce has dramatically reshaped
logistics and supply chain management (LSCM), leaving a profound impact on both advanced and
emerging markets.

E-commerce LSCM is no longer just a component of logistics; it has become the backbone of
contemporary logistics practices. Strikingly, it's estimated that logistics within the E-commerce sector
could account for as much as 40% of the final price consumers pay for goods. In 2014, China’'s
contribution from E-commerce logistics to the nation’s GDP was a staggering 18%—almost double the
average seen in more developed economies [3]. Driven by this explosive growth, LSCM is undeniably tied
to the expansion of E-commerce, particularly as its influence ripples across both developed and
developing regions. Within the realm of E-commerce LSCM, two dominant business models emerge:
business-to-consumer (B2C) and business-to-business (B2B) [4]. In the B2C model, the business website
stands as the central hub for direct transactions between businesses and consumers. A consumer
navigates the site, places an order, and once the business receives it, the goods are dispatched directly
to the customer. Companies like Amazon.com and Priceline.com exemplify this model's success,
dominating the B2C landscape. Integral to this framework are extensive advertising campaigns to pull in
vast numbers of customers, significant investment in both hardware and software infrastructure, and an
unwavering focus on customer care services that ensure satisfaction and loyalty [5-6].

On the flip side, B2B operates on a different plane, facilitating transactions between businesses
themselves. The volume of transactions in B2B far outweighs that of B2C, as a single B2C sale is often
the culmination of numerous B2B exchanges—dealing with raw materials and subcomponents. However,
B2B transactions are fraught with greater risk. Unlike B2C, where the stakes are typically lower, a wrong
order—be it the wrong product, the wrong quantity, or unfavorable terms—could spell disaster, potentially
undermining the entire purchasing entity’'s operations [7]. E-commerce logistics unfolds in three distinct
stages. Initially, goods are replenished, flowing from manufacturers to distribution centers or warehouses.
The second stage is the crux of order fulfilment at E-commerce hubs, where tasks like sorting, picking,
and packing dominate the scene. Finally, the third stage comes into play—swift delivery from distribution
centers directly to the customer [8]. The success of a supply chain management (SCM) strategy hinges
on its ability to boost service outputs to targeted markets, directly enhancing customer value. Key
indicators of superior performance include elevated in-stock rates, reduced lead times, bolstered
flexibility, and a notable decrease in errors.

What truly sets the best-performing supply chains apart is their time-based delivery prowess, a
critical factor in shaping a firm’s competitive edge. In the end, businesses achieve higher customer
satisfaction through more streamlined and effective processes [9]. Many companies have strategically
harnessed the power of e-commerce to refine business operations and elevate customer service. Take
Levi's, for instance: confronted with the daunting challenge of meeting Wal-Mart’s demand schedule due
to a dismal on-time delivery rate, the company turned to B2B e-commerce. Through enhancing its
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demand replenishment systems and collaborating closely on demand forecasting, product adjustments,
and order planning, Levi's achieved a remarkable transformation—its on-time delivery soared from a
mere 65% to nearly 95% [10]. In a similar vein, DuPont Performance Coatings, the automotive paint
sector of DuPont, embarked on a series of e-commerce-driven initiatives to streamline its internal
processes. These initiatives included the implementation of a robust ERP system, the creation of a
seamless web interface linking front-end sales with back-end operations, and the launch of a B2B portal
that empowered distributors to place orders and retrieve real-time account details. These technological
strides not only slashed customer service costs but also brought about substantial gains in delivery
efficiency.

However, despite these promising industry examples, there remains a gap in comprehensive
empirical research directly connecting B2B e-commerce with time-sensitive delivery performance [11]. E-
commerce has undeniably reshaped the supply chains of countless products, but perhaps none more so
than those for information goods, where the transformation has been especially profound. Meanwhile,
manufacturers of tangible products have embraced the Internet as a direct distribution channel, but this
shift introduces a whole new set of decisions and challenges, quite distinct from the traditional “brick-and-
mortar” retail model. These two channels diverge in numerous ways—ranging from the types of
customers they serve to their order fulfillment strategies, cost structures, profit margins, and priorities for
rationing. Logistical demands, service quality expectations, market segmentation, and access to both
demand and supply information also vary significantly, along with the policies regarding returns [12]. In
the early days of consumer e-commerce research, much of the focus was on how these new distribution
channels were driving down prices.

For example, during the late 1990s, e-commerce outlets saw price reductions of 9-16% on
products like books and CDs compared to traditional stores. Yet, by 2001, the long-term challenges tied
to price competition became glaringly apparent, as many e-commerce business models began to falter
and fail [13]. Research has delved into the intricate complexities of e-fulfilment. Various studies have
crafted frameworks to assess the multifaceted challenges e-fulfillment poses for different product
categories, shedding light on invaluable insights from successful companies that have mastered the art of
enhancing e-fulfillment efficiency. Other investigations have focused on the interplay of pricing and
shipping strategies, showing how pricing mechanisms can nudge customers to patiently await their
orders, thus yielding crucial advanced demand data. Stochastic models have been leveraged to dissect
logistics systems within e-fulfillment centers, unveiling why some systems effectively slashed costs while
others faltered [14].

Globalization has compelled managers in the twenty-first century to rethink traditional strategies
across marketing, production, and finance. To stay ahead, organizations must embrace sophisticated
performance measures and metrics—tools that are essential not only for optimizing resource use but also
for elevating quality and navigating the ever-growing complexity of global supply chains. As market
landscapes shift, the debate intensifies: do existing metrics remain relevant, or is there a need for entirely
new frameworks to tackle the challenges of sprawling, distributed operations? This evolving dialogue
underscores the critical need for resilient measurement systems, particularly in the era of e-commerce, to
guide modern supply chain and logistics management [15]. In today’s fast-evolving market, flexibility has
become indispensable for organizations striving to stay ahead, especially with the rise of virtual
organizations that are reshaping the competitive landscape.

As these virtual models gain ground, tools designed to measure an organization’s agility and
readiness become crucial for strategic evolution. The increasing emphasis on performance measures and
metrics reflects a profound shift—moving beyond the traditional financial indicators to encompass a
broader, more multifaceted range of data. These advanced systems offer invaluable insights, ensuring
that decision-making is swift and informed, thus helping firms adapt to the complexities of ever-changing
supply chain dynamics [16]. However, performance measures do much more than simply assess
results—they shape the very fabric of communication, collaboration, and behavior within an organization.
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The right metrics can dismantle silos, creating a culture of transparency and cooperation that’s vital for
enhancing performance in today's interconnected business world. By zeroing in on the most relevant
metrics at the most critical moments, organizations can not only sharpen decision-making but also foster
accountability and align more closely with their strategic vision. In both supply chain and virtual enterprise
settings, such metrics are key drivers of innovation and serve as pillars for maintaining a competitive
edge [17]. The landscape of supply chain management, in tandem with the rapid expansion of inter-
organizational frameworks and e-commerce, remains in a constant state of flux. Managerial and technical
principles are continuously evolving, adapting to shifting paradigms.

A prime example of this evolution can be seen in inter-organizational communication systems,
where cutting-edge technologies are reshaping traditional approaches. These systems, often categorized
into pooled information resources, value or supply chains, and networked configurations, are now
encountering a significant disruption. The lines between these categories are blurring, as advancements
in communication and software technologies converge, transforming supply chains into intricate,
interconnected networks capable of sharing unified databases [18]. Emerging technologies, with their far-
reaching managerial implications, are steering strategic decision-making processes within organizations.
The influence of internal organizational technologies, particularly pervasive innovations, cannot be
overstated. They play a pivotal role in shaping an organization’s strategic direction, demanding thorough
evaluation frameworks to gauge their true impact.

To fully capitalize on these technologies, organizations must hone in on the right metrics and
tools, ensuring alignment with broader organizational goals and optimizing their integration into the
existing structure [19]. As inter-organizational communication systems evolve, new challenges surface.
These systems are not merely facilitators; they are vital for seamless collaboration, data exchange, and
coordination across supply networks. With the technological backbone of supply chains growing
increasingly sophisticated, businesses must grapple with critical factors like system compatibility, data
security, and adaptability. Only through addressing these issues can organizations ensure their systems
are equipped to meet the escalating demands of global operations [20].

MATERIALS AND METHODS

The evaluation of four firms—Firm_A, Firm_B, Firm_C, and Firm_D—employs the ELECTRE
method, weighing diverse factors such as supply chain disruptions, logistics obstacles, demand-supply
imbalances, technological and cyber security concerns, sustainability, ethical sourcing, and market
volatility.

Supply Chain Disruptions: Supply chain disruptions—unforeseen events that derail the smooth flow of
goods and services—pose significant risks. These can stem from natural disasters, geopolitical
upheavals, labor strikes, pandemics, or sudden supplier breakdowns. The consequences? Delays,
soaring costs, and dwindling product availability. To counter such disturbances, companies must adopt
strategies like diversifying suppliers, enhancing risk management frameworks, and establishing solid
contingency plans, all aimed at keeping operations running seamlessly in the face of chaos.

Logistics Challenges: Logistics challenges revolve around the intricate dance of transporting, storing,
and overseeing goods within the supply chain. From inefficiencies in transportation networks to inventory
mismanagement, customs bottlenecks, and escalating costs, firms face a myriad of hurdles. Add to this
the complexities of international trade—regulations, language barriers, and border constraints—and the
challenge amplifies. To navigate these obstacles, businesses must innovate: streamlining operations,
leveraging automation technologies, and optimizing transportation routes to guarantee prompt, cost-
effective deliveries.

Demand and Supply Imbalances: Imbalances between demand and supply emerge when the
availability of goods falls short of consumer needs—or, in some cases, overshoots them. This
misalignment often triggers stock outs, an overflow of unsold inventory, or the unfortunate loss of
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potential revenue. Root causes can range from faulty demand forecasting to production hiccups or
sudden shifts in consumer preferences. By harnessing more accurate demand predictions, fine-tuning
inventory control, and maintaining adaptive production schedules, businesses can better navigate these
disruptions. In a fast-paced environment, companies must swiftly adjust to demand fluctuations, striking a
delicate balance between what’s needed and what can be supplied.

Technological and Cybersecurity Issues: As digital platforms become the backbone of modern supply
chains, technological and cybersecurity risks loom larger. Data breaches and cyberattacks, once distant
threats, now have the power to cripple operations and tarnish a company’s reputation. At the same time,
system integration challenges often arise when new software fails to mesh with existing infrastructure,
creating bottlenecks. To shield against these risks, businesses must implement rigorous cybersecurity
measures, ensure systems are updated regularly, and refine their technology strategies. Without this
vigilance, the vulnerabilities of a connected world could bring operations to a halt.

Sustainability and Ethical Sourcing: Sustainability and ethical sourcing are no longer just buzzwords—
they are imperatives that guide businesses toward environmentally conscious and socially responsible
practices. This involves reducing emissions, minimizing waste, upholding fair labor standards, and
ensuring that materials are sourced from suppliers who share these values. With consumers and
stakeholders demanding greater transparency, companies must align their practices with these values to
retain a competitive edge. Embracing sustainable sourcing not only enhances brand reputation but also
secures long-term success in an increasingly conscientious market.

Market Volatility: Market volatility, driven by factors like economic fluctuations, political unrest, or shifts in
consumer behavior, can send shockwaves through a company’s supply chain. It destabilizes pricing
models, disrupts inventory plans, and challenges profitability. To weather these uncertainties, companies
must adopt risk-management strategies such as diversifying suppliers, embracing adaptable pricing
frameworks, and leveraging financial hedging to shield against unforeseen cost spikes. In a volatile
market, only those prepared for the unpredictability will maintain a steady course.

ELECTRE Method:

The ELECTRE Method, a multi-criteria decision-making tool, offers a structured approach to
evaluate and prioritize alternatives amidst conflicting criteria, making complex decision-making processes
more manageable. By employing a pairwise comparison technique, this method enables decision-makers
to systematically assign weights to various criteria, leading to a ranking that mirrors their preferences. The
aggregation of these comparisons, weighted for precision, not only highlights the most favorable
alternative but also provides insight into the trade-offs within the decision-making process [21].The steps
involved in the ELECTRE methodology are multifaceted: defining the problem, identifying alternatives and
criteria, constructing a decision matrix, performing pairwise comparisons, calculating concordance and
discordance indices, and ultimately ranking the alternatives based on these evaluations.

Formation of the Decision-Making Matrix (DMM):

The DMM of preferences (x;) for mm alternatives (rows) rated on n criteria (columns) is
expressed as:

Xo1  Xo2 Xon
X11 X12 X1n .

X=xij= : i=01--,mj=12--,n
Xm1 Xmz °° Xmn
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Normalized Matrix:

Xjj . .
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Concordance and Discordance Interval Sets:
Denote the set of alternatives A = {a,b,c,...}. The attribute sets are divided into concordance

(C,p) and discordance (D) interval sets. The concordance set defines dominance as:

Cab = {j| X = xpj}

The discordance set:
Dap = {j| Xgj < ij} =]—Caup

Concordance Interval Matrix Calculation:

Co= ) W,

j€Cab
This matrix reveals the degree of preference of one alternative over another. The concordance

matrix, expressed as:
- c(1,2) -+ c(1,m)
C= c(2,1) - «+ ¢(2,m)

cam 1) c(m2)

Discordance Interval Matrix Calculation:
The discordance index d(a,b) quantifies the level of dissatisfaction in choosing alternative aa

over bb, formulated as:
maX'Vaj - vbj|

d(a, b) — j€Dap | |
j€J ,m,ne1 ij - an
The discordance matrix is expressed as:
— d(1,2) - d(1,m)
d(2,1) — -~ d(2,m)

D=

dm 1) dm,2)
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Concordance Index Matrix:
The satisfaction measurement index for the concordance matrix is:

c= Zzb: c(a,b)/m(m — 1)

This critical value, ¢ determines dominance, and a Boolean matrix EE is used as follows:

{e(a, b)=1 if c(a,b)=¢C
e(a,b) =0 if c(a,b)<C

Discordance Index Matrix:
The discordance index is calculated as:

a=12p d(a,b)

d= m(m — 1)

A Boolean matrix F is formed, where:

{f(a,b) =1 if d@@b)<d
f(a,b) =0 if d(a,b)>d

Net Superior and Inferior Values:
The net superior value c, and net inferior value d, for alternative aa are calculated as:

n n
Ca = Z Cab) — Z Cb,a)
b=1 b=1

n n
d, = d(a,b) - Z d(b,a)
b=1 b=1

These values provide a comprehensive understanding of the relative standing of alternatives,
highlighting both competitive strengths and weaknesses. By summing the instances of superiority and
inferiority, decision-makers gain clarity on the alternatives' positions within the competitive landscape,
ultimately enabling more informed and robust decision-making. By carefully dissecting these elements,
organizations can fine-tune their strategies and allocate resources with precision, thereby driving
performance and sharpening their competitive edge in the marketplace. This methodical approach not
only supports optimization but also cultivates a culture of ongoing enhancement, allowing organizations to
revisit and adapt their strategies as market dynamics evolve and new trends surface [22].Such flexibility
ensures that companies stay nimble and responsive, promoting innovation while positioning them to
capitalize on emerging opportunities.

In a rapidly changing landscape, tapping into data-driven insights is indispensable for
organizations aiming to predict shifts in consumer behavior and industry benchmarks. Through the power
of advanced analytics and predictive modeling, businesses can make well-informed decisions that align
with their overarching goals while mitigating the risks inherent in market volatility [23].This all-
encompassing approach proves invaluable, particularly in domains like project management,
environmental assessment, and resource allocation. In these areas, decision-makers are often confronted
with conflicting objectives, requiring a robust framework to untangle the complexities of their decisions.
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The true strength of the ELECTRE Method lies in its remarkable adaptability, seamlessly fitting into
diverse decision-making contexts, offering a clearer picture of how various factors interconnect and shape
outcomes [24].Such flexibility empowers decision-makers to integrate both qualitative and quantitative
criteria, ensuring a comprehensive evaluation of alternatives that aligns with their unique goals and
limitations.

By leveraging the ELECTRE Method, organizations can significantly refine their decision-making
processes, cultivating more informed, impactful strategies that yield superior results across a wide range
of projects [25].This holistic approach doesn’t just enhance transparency in decision-making; it also
promotes collaboration across stakeholders, sparking candid discussions about priorities and the trade-
offs at play. In the end, embedding the ELECTRE Method within organizational practices nurtures a
culture of ongoing refinement, where feedback loops and iterative evaluations constantly sharpen
decision-making over time. Such continuous evolution bolsters the organization’s agility in an ever-shifting
landscape, while simultaneously empowering teams to explore innovative solutions that remain aligned
with overarching long-term goals [26].

ANALYSIS AND DISCUSSION

TABLE 1. Performances and challenges of several e-commerce companie's supply chain management

Technological

Supply Demand and and Sustainability

Chain Logistics Supply Cybersecurity and Ethical Market
Firm Disruptions | Challenges | Imbalances Issues Sourcing Volatility
Firm_A | 8 3 5 7 8 6
Firm B | 7 6 4 9 2 7
Firm_C | 5 9 6 8 6 5
Firm D | 6 8 9 5 7 8

Table 1 presents a comparative analysis of the primary supply chain challenges encountered by
various e-commerce firms, rated on a scale from 1 (low impact) to 10 (high impact). Each firm reveals
distinct strengths and weaknesses across six pivotal domains. Firm_A stands out with notable
vulnerabilities in supply chain disruptions (8) and sustainability and ethical sourcing (8), signaling major
hurdles in both securing a resilient supply chain and ensuring adherence to sustainable practices. On the
other hand, logistics challenges are somewhat moderate (3), suggesting relatively smooth operational
management in this domain. Firm_B is grappling with intense technological and cybersecurity issues (9),
underscoring the urgent need for bolstering digital infrastructure. Conversely, its sustainability and ethical
sourcing challenges are minimal (2), indicating a strong grasp of eco-friendly and ethical sourcing
strategies.

However, concerns related to logistics and market volatility linger (6 and 7, respectively). Firm_C,
meanwhile, struggles most with logistics difficulties (9) and technological shortcomings (8), reflecting
significant inefficiencies in both delivery operations and digital protections. Despite these obstacles, it
maintains a reasonable balance in demand-supply dynamics (6), suggesting moderate control over
operational fluctuations. Lastly, Firm_D faces severe issues with demand-supply imbalances (9) and
market volatility (8), emphasizing the disruptive effects of shifting consumer demand and unpredictable
market conditions. Technological hurdles are less pressing (5), implying a more stable technological
infrastructure.
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Figure 1 offers a detailed comparison of the primary supply chain challenges faced by different e-
commerce firms, rated on a scale from 1 (low impact) to 10 (high impact). Each company displays unique
strengths and weaknesses across six critical dimensions. Firm_ A struggles notably with supply chain
disruptions (8) and issues surrounding sustainability and ethical sourcing (8), pointing to major obstacles
in building a resilient supply chain and implementing sustainable practices. However, logistics challenges
appear relatively minor (3), implying effective handling in that domain. Firm_ B grapples with significant
technological and cyber security issues (9), underscoring the urgent need for strengthened digital
infrastructure.

In contrast, its sustainability and ethical sourcing concerns are minimal (2), showcasing its strong
commitment to eco-friendly practices and ethical sourcing. Still, logistics and market volatility pose
considerable challenges (6 and 7, respectively). Firm_C is hit hardest by logistics (9) and cyber security
issues (8), signaling inefficiencies in both delivery systems and digital security protocols. However, it
maintains a reasonable level of stability in handling demand-supply imbalances (6), reflecting some
operational resilience. Firm _D struggles primarily with demand-supply imbalances (9) and market
volatility (8), highlighting the impact of unpredictable consumer behavior and market shifts. Its
technological concerns are relatively moderate (5), suggesting a more stable technological foundation.

TABLE 2. Normalized Decision Matrix using ELECTRE method

0.606478 0.217643 0.397779 0.473016 0.646762 0.454859
0.530669 0.435286 0.318223 0.608164 0.16169 0.530669
0.379049 0.652929 0.477334 0.54059 0.485071 0.379049
0.454859 0.580381 0.716002 0.337869 0.565916 0.606478

Table 2 unveils a normalized decision matrix derived through the ELECTRE method, evaluating
four e-commerce giants against six pivotal supply chain challenges. These values, scaled between 0 and
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1, reflect the intensity of each firm's struggles, with higher values signaling more pressing difficulties.
Firm_A exhibits a generally balanced performance, yet it grapples significantly with sustainability and
ethical sourcing (0.647) as well as supply chain disruptions (0.606). This highlights its considerable
challenges in upholding sustainable practices while managing unforeseen disruptions, although it
performs relatively well in logistics and demand-supply imbalances. With a moderate score of 0.473 for
technological issues, Firm_A shows a relatively lower vulnerability in this domain.

On the other hand, Firm_B's greatest hurdles lie in technological and cyber security concerns
(0.608), underscoring an urgent need for digital infrastructure upgrades. In stark contrast, its sustainability
and ethical sourcing challenges are minimal (0.162), indicating a strong track record in these areas.
However, the firm faces notable risks from its logistics (0.435) and market volatility (0.531) issues, both of
which are far from negligible. Firm_C's performance reveals significant strain in logistics (0.653) and
technological issues (0.541), pointing to inefficiencies in both delivery mechanisms and cyber security.
Nevertheless, its ability to manage demand-supply imbalances (0.477) shows it maintains a relatively
better equilibrium than some of its competitors. Finally, Firm_D finds itself deeply affected by demand and
supply imbalances (0.716), signaling the high stakes of fluctuating consumer demand. With logistics
(0.580) and market volatility (0.606) challenges looming large, the firm struggles with instability in
operational management. However, Firm_D’s digital resilience shines through with a relatively lower
score in technological issues (0.338), indicating a more robust digital infrastructure than others.

TABLE 3. Weights Distribution among Evaluation metrics

Evaluation Parameters Weights Distribution
Supply Chain Disruptions 0.2336
Logistics Challenges 0.1652
Demand and Supply Imbalances 0.3355
Technological and Cybersecurity Issues 0.1021
Sustainability and Ethical Sourcing 0.0424
Market Volatility 0.1212

Table 3 details the distribution of weights across the six evaluation parameters used to assess
the firms within the decision matrix. These weights signify the relative significance of each factor in the
final assessment, where higher values suggest a more substantial impact on the overall decision.
Dominating this spectrum is the parameter of Demand and Supply Imbalances, carrying a weight of
0.3355. This highlights the paramount importance of balancing supply and demand, a critical driver of
operational efficiency, profitability, and customer satisfaction. Firms grappling with such imbalances often
face severe hurdles in ensuring smooth operations. Next in line is Supply Chain Disruptions, weighted at
0.2336, underscoring its considerable importance.

Disruptions in this area can ripple through, impacting product availability, lead times, and cost
structures, making it essential for firms to minimize such risks to safeguard reliability and resilience.
Logistics Challenges, with a weight of 0.1652, remains significant, as efficient logistics are key to ensuring
timely deliveries and cost-effective operations. The remaining parameters weigh in at lower levels:
Technological and Cybersecurity Issues at 0.1021, Market Volatility at 0.1212, and Sustainability and
Ethical Sourcing at 0.0424. While undeniably important, these factors exert a lesser influence on the final
decision compared to the more operationally focused concerns, such as supply chain disruptions and
demand-supply imbalances.
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TABLE 4. Weighted Normalized Decision Matrix using ELECTRE method

0.141673 0.035955 0.133455 0.048295 0.027423 0.055129
0.123964 0.071909 0.106764 0.062094 0.006856 0.064317
0.088546 0.107864 0.160146 0.055194 0.020567 0.045941
0.106255 0.095879 0.240219 0.034496 0.023995 0.073505

Table 4 unveils the weighted normalized decision matrix crafted through the ELECTRE method,
where each factor's influence is meticulously adjusted according to the weights from Table 3. This matrix
paints a more nuanced picture of the relative performance across firms, accounting for the varying
significance of each evaluation parameter. Firm_A’s most significant weighted score emerges from
Supply Chain Disruptions (0.141673), underscoring its pronounced vulnerability in this realm. It faces a
moderate challenge in Demand and Supply Imbalances (0.133455), suggesting a balanced struggle in
maintaining operational equilibrium.

Yet, its relatively lower scores in Logistics Challenges (0.035955) and Sustainability and Ethical
Sourcing (0.027423) indicate these factors are of lesser concern. Firm_B, on the other hand, reveals
moderate scores in Logistics Challenges (0.071909) and Market Volatility (0.064317), pointing to
persistent issues, while its strength lies in Sustainability and Ethical Sourcing (0.006856), highlighting
robust environmental and ethical practices. Firm_C, though, grapples most with Demand and Supply
Imbalances (0.160146), reflecting substantial difficulties here, along with notable challenges in Logistics
(0.107864), yet it outshines in Technological and Cyber security Issues (0.055194), hinting at relative
strength in this domain. Finally, Firm_D is distinguished by its towering score in Demand and Supply
Imbalances (0.240219), signaling this as its primary hurdle. Despite a higher score in Market Volatility
(0.073505), its overall performance in other areas reveals that its technological and logistical challenges
are, relatively speaking, less burdensome.

TABLE 5. Concordance & Discordance set

Cl2={2} D12 = {1,3,4,5,6}
C13={3,5} D13= {1,2,4,6}
Cl4={2} D14= {1,3,4,5,6}
C21={1,3,4,5,6} D21= {2}
C23={1,3,5} D23={2,4,6}
C24={1,4} D24= {2,3,5,6}
C31={1,2,4,6} D31={3,5}

C32 = {2,4,6} D32={1,3,5}
C34 = {1,2,4,6} D34={3,5}
C41={1,3,4,5,6} D41={2}

C42 = {2,3,5,6} D42={1,4}

C43 = {3,5} D43={1,2,4,6}
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Table 5 unveils the Concordance and Discordance sets for every pair wise comparison of firms,
derived through the ELECTRE method. These sets offer a lens into how one firm measures up to another
across an array of evaluation criteria. In this context, the Concordance set (C) reveals the indices where
one firm performs as well as or better than its counterpart, while the Discordance set (D) highlights where
the second firm outshines the first. The purpose of the ELECTRE method is to determine the dominant
firm in each comparison, based on these sets. Take, for instance, the comparison between Firm 1
(Firm_A) and Firm 2 (Firm_B): the concordance set C12 = {2} signals that Firm_A is equal to or superior
in one metric, but the discordance set D12 = {1,3,4,5,6} reveals that Firm_B surpasses Firm_A across five
others.

This paints a picture where Firm_A excels in a single domain, but Firm_B takes the lead in
multiple others. Similarly, in the comparison between Firm 3 (Firm_C) and Firm 1 (Firm_A), the
concordance set C31 = {1,2,4,6} illustrates that Firm_C matches or outperforms Firm_A in four metrics,
whereas the discordance set D31 = {3,5} suggests Firm_A dominates in two areas. These sets of
concordance and discordance are instrumental in shaping the firms' final rankings, offering a detailed
view of which firm holds a superior position in most evaluation factors and the strength of those
advantages.

TABLE 6. Concordance

1 0 1 0 1 0
1 0 0 0 1 1
1 0 0 1 1 0
0 1 0 1 0 1
1 0 0 1 0 1
1 0 0 1 0 0
0 1 1 1 0 0
0 1 1 0 1 0
0 1 0 1 0 0

Table 6 displays the Concordance matrix, a fundamental element of the ELECTRE method. This
matrix is pivotal in assessing how one firm surpasses or matches another across various evaluation
parameters, with binary values (1 or 0) filling the table. Each row and column represent a comparison
between two firms. A "1" in a cell signifies that the firm in the row either outperforms or is equal to the firm
in the column for a specific criterion, whereas a "0" means the opposite— the row firm doesn't surpass
the column firm on that parameter.

For instance, the first row compares Firm 1 (Firm_A) with the others (Firm 2, Firm 3, Firm 4, etc.).
The "1" in the first column indicates Firm 1 outshines Firm 2 on the first evaluation metric. Similarly, the
"1" in the fifth column suggests Firm 1 excels over Firm 5 in the respective parameter. The cumulative
concordance value for each pair wise comparison is calculated by summing the "1"s in each row,
reflecting how many criteria a firm performs better or equally on compared to another. For example, the
first row has four "1"s, meaning Firm 1 leads in four areas over the firms it is compared with. This
concordance data is instrumental in shaping the rankings and assessing the relative strengths of the firms
under scrutiny.
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TABLE 7. Concordance Interval Matrix

M1 M2 M3 M4
M1 0 0.1652 0.3779 0.1652 0.7083
M2 0.8348 0 0.6115 0.3357 1.782
M3 0.6221 0.3885 0 0.6221 1.6327
M4 0.8348 0.6643 0.3779 0 1.877
2.2917 1.218 1.3673 1.123 6 0.5
C bar

Table 7 unveils the Concordance Interval Matrix, a tool designed to quantify the strength of
agreement between firms based on various evaluation metrics. The matrix assigns values that reveal the
extent of concordance between firm pairs, with higher numbers signaling stronger alignment in their
performance. Each entry portrays how one firm outshines—or matches—another, illustrating the depth of
their comparative success. For instance, the value 0.1652 in cell (M1, M2) reflects the level of
concordance between Firm 1 (M1) and Firm 2 (M2), revealing how Firm 1 fares in relation to Firm 2
across the evaluation parameters. A higher figure denotes a more robust agreement, while a lower value
implies a weaker connection.

The matrix further includes a critical benchmark: the c-bar value of 0.5. This threshold
distinguishes between clear preferences and subtle differences—values above 0.5 suggest a marked
advantage for one firm over another, while figures below 0.5 point to a more ambiguous performance
gap. Firm 2 (M2) notably stands out in this matrix, exhibiting the highest concordance with other firms, as
shown by its values in various comparisons, such as 0.8348 with M1 and 1.782 with M4. These elevated
concordance values underscore Firm 2's dominant performance across multiple criteria. Additionally, the
matrix's cumulative concordance values, located at the bottom (2.2917, 1.218, 1.3673, 1.123), offer a
holistic view of each firm's overall consistency, shedding light on which firms excel most consistently
across the evaluation framework. These sums become vital indicators, pointing to the firms with superior
performance in the broader context.

TABLE 8. Concordance Index Matrix

M1 M2 M3 M4
M1 0 0 0 0
M2 1 0 1 0
M3 1 0 0 1
M4 1 1 0 0

Table 8 showcases the Concordance Index Matrix, where binary values (1 or 0) denote whether
one firm surpasses another across various evaluation metrics. A "1" in the matrix indicates that the firm in
the row outshines the firm in the column for a given criterion, while a "0" marks the opposite. For instance,
the first row (M1) reveals that Firm 1 (M1) does not outperform any of the other firms (M2, M3, or M4)
based on the assessment parameters, as all values are "0." This signals that Firm 1 lacks superiority over
the other firms in all measured aspects. In contrast, the second row (M2) demonstrates that Firm 2 (M2)
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surpasses Firm 1 (M1) in certain criteria (marked by "1" in the first column) and outperforms Firm 3 (M3)
in others (as indicated by the "1" in the third column).

However, it does not excel over Firm 4 (M4) in any dimension, evidenced by the "0" in the fourth
column. Firm 3 (M3), on the other hand, outshines both Firm 1 (M1) and Firm 2 (M2) in particular areas,
with "1"s in the first and third columns. Additionally, it exceeds Firm 4 (M4) in one criterion, marked by the
"1" in the fourth column. Lastly, Firm 4 (M4) outperforms Firm 1 (M1) in the first column, Firm 2 (M2) in
the second, but is itself outdone by both Firm 3 (M3) and Firm 4 (M4) in other areas.

TABLE 9. Discordance

C1 C2 C3 C4 C5 C6
D12 0.017709 0.035955 0.026691 0.013799 0.020567 0.009188
0.742351
D13 0.053128 0.071909 0.026691 0.006899 0.006856 0.009188
1
D14 0.035418 0.059924 0.106764 0.013799 0.003428 0.018376
1
D21 0.017709 0.035955 0.026691 0.013799 0.020567 0.009188
1
D23 0.035418 0.035955 0.053382 0.006899 0.013711 0.018376
0.673536
D24 0.017709 0.02397 0.133455 0.027597 0.017139 0.009188
1
D31 0.053128 0.071909 0.026691 0.006899 0.006856 0.009188
0.371176
D32 0.035418 0.035955 0.053382 0.006899 0.013711 0.018376
1
D34 0.017709 0.011985 0.080073 0.020698 0.003428 0.027564
1
D41 0.035418 0.059924 0.106764 0.013799 0.003428 0.018376
0.56128
D42 0.017709 0.02397 0.133455 0.027597 0.017139 0.009188
0.20679
D43 0.017709 0.011985 0.080073 0.020698 0.003428 0.027564
0.344242
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Table 9 showcases the Discordance matrix, a vital tool that highlights the relative disadvantages
one firm faces when compared to another across specific evaluation parameters. The values embedded
in this matrix are crucial for assessing how much one firm lags behind another in various criteria, with
larger values signaling stronger discordance and, consequently, a greater disadvantage for the firm being
compared. Each row corresponds to a particular firm comparison, denoted as (Dxy), where “x” and “y”
represent the firms in question. The entries in each cell (C1 through C6) reflect the degree of discordance
between the two firms based on specific evaluation criteria. For instance, in the first row (D12), the values
range from 0.017709 in C1 to 0.009188 in C86, illustrating the discordance between Firm 1 and Firm 2

across these dimensions.

The total for this comparison stands at 0.742351, signifying a substantial disadvantage for Firm 1.
In contrast, for D13 (Firm 1 vs. Firm 3), certain values, such as 0.053128 in C1, push the total
discordance to 1, underscoring a pronounced disadvantage for Firm 1 relative to Firm 3 in the evaluated
areas. Summing up the values in each row provides a clear picture of the overall discordance, where
higher totals reflect more significant disparities between the firms. The final column aggregates the
discordance for all firm pairs, enabling a comprehensive understanding of which comparisons reveal the
largest performance gaps. For example, D24 (Firm 2 vs. Firm 4), with a total discordance of 1, indicates a
considerable disadvantage for Firm 2. These results are pivotal in shaping the final rankings and
assessing the relative performance of firms within the ELECTRE method.

TABLE 10.Discordance Interval Matrix

M1 M2 M3 M4
M1 0 0.742351 1 1 2.742351
M2 1 0 0.673536 1 2.673536
M3 0.371176 1 0 1 2.371176
M4 0.56128 0.20679 0.344242 0 1.112312
1.932455 1.949141 2.017778 3 8.899374
d bar 0.741615

Table 10 unveils the Discordance Interval Matrix, a tool designed to measure the extent of
discordance between firms, based on their performance across various evaluation criteria. The matrix is
composed of values that reveal how one firm lags behind another, with higher figures symbolizing greater
discordance. Structured similarly to its predecessor, the matrix shifts to present intervals—representing
the range of discordance between each pair of firms (M1, M2, M3, M4). Within each cell, the discordance
value for a specific firm pair is displayed according to individual evaluation criteria.

For instance, the 0.742351 in the second column (M1, M2) reveals the discordance between Firm
1 and Firm 2 for one criterion, while a value of 1 points to discordance for another. Total discordance for
each pairwise comparison is derived by summing the row values. Take the first row (M1)—its total
discordance of 2.742351 signals Firm 1's overall disadvantage in comparison to the others. Likewise,
Firm 2 (M2), with a total discordance of 2.673536, reflects its relative weaknesses. The column totals,
including M1 (1.932455) and M2 (1.949141), expose which criteria most contribute to discordance. The d-
bar value, set at 0.741615, serves as the benchmark for evaluating discordance strength: any value
exceeding this threshold marks a significant disadvantage for the firm in question.
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TABLE 11. Discordance Index Matrix

M1 M2 M3 M4
M1 0 0 0 0
M2 1 0 1 0
M3 1 0 0 1
M4 1 1 0 0

Table 11 displays the Discordance Index Matrix, a binary framework that reveals the discordance
between firms. Each cell in this matrix serves as a marker, indicating whether one firm is at a
disadvantage relative to another, based on the evaluation parameters. A "1" suggests that the firm in the
row is more discordant (or disadvantaged) compared to the firm in the column, while a "0" signals no
discernible disadvantage in that particular criterion. Take, for instance, the first row (M1): here, Firm 1
(M1) faces no discordance when compared to the other firms (M2, M3, M4), as all values are "0".

This implies that, in terms of the discordance measure, Firm 1 either performs equally or
outperforms the others in the areas assessed. In contrast, the second row (M2) highlights a discordance
between Firm 2 (M2) and both Firm 1 (M1) and Firm 3 (M3), marked by the "1"s in the first and third
columns. This indicates that Firm 2 suffers disadvantages in these particular areas when pitted against
the two firms, yet no discordance is observed in comparison to Firm 4 (M4), as denoted by the "0" in the
fourth column. For Firm 3 (M3), the third row reveals discordance against both Firm 1 (M1) and Firm 4
(M4), indicated by the "1"s in the first and fourth columns. Finally, Firm 4 (M4) exhibits discordance only
when compared to Firm 1 (M1) and Firm 2 (M2), as shown by the "1"s in the first and second columns.

TABLE 12. Net superior value & Rank

Firms Net superior value Rank Net Inferior Value Rank
Firm_A -1.5834 4 0.8099 1
Firm_B 0.564 2 0.7244 2
Firm_C 0.2654 3 0.3534 3
Firm_D 0.754 1 -1.8877 4

Table 12 showcases the Net Superior Value and Net Inferior Value, accompanied by their
rankings for each firm. These metrics are pivotal within the ELECTRE method, offering a holistic
assessment of a firm’s performance in relation to others, factoring in both its strengths (Net Superior
Value) and weaknesses (Net Inferior Value) across multiple criteria. The Net Superior Value, essentially a
measure of a firm's advantages, compares its overall performance to that of its competitors. A higher
value signals superior performance across the evaluated metrics.

Firm D, with the highest net superior value of 0.754, secures the top rank, implying it outperforms
the other firms in most areas. Firm B, trailing with a net superior value of 0.564, ranks second, reflecting
its notable strengths—albeit less so than Firm D. In contrast, the Net Inferior Value highlights the
disadvantages or areas of underperformance. A larger net inferior value points to greater vulnerabilities.
Firm A, bearing the most substantial net inferior value of -1.8877, ranks last, indicating it lags far behind
its peers in terms of performance. Interestingly, Firm D, while excelling in certain domains, also grapples
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with the most considerable net inferior value, suggesting that even its strengths come with notable trade-
offs. Firms B and C, with moderate net inferior values, occupy the second and third positions in this
ranking, respectively. These figures underline the balance between a firm’s strengths and shortcomings,
ultimately informing the decision-making process.

FIRM_A /  FIRMB FIRM_C FIRM_D

=== Nt superior value Net Inferior Value

FIGURE 2

Figure 2 unveils the Net Superior and Net Inferior Values for four firms, offering a deep dive into
their performance relative to various evaluation criteria. These values, derived through the ELECTRE
method, serve as a lens to measure the firms' strengths and weaknesses. The Net Superior Value
highlights a firm’s overall edge in comparison to its competitors, with a higher value signifying superior
performance across a spectrum of metrics. Firm D takes the lead with a robust net superior value of
0.754, positioning it as the most competitive player, excelling in key domains. Firm B, trailing with a net
superior value of 0.564, also stands out but falls short of Firm D’s dominance.

In contrast, the Net Inferior Value gauges the weaknesses, where a higher value signals a firm’s
notable disadvantages. Firm A's positive net inferior value of 0.8099 points to substantial vulnerabilities,
though its disadvantage isn’t as pronounced as that of Firm D. Speaking of which, Firm D's lowest (and
most negative) net inferior value of -1.8877 starkly reveals significant shortcomings, overshadowing its
strengths. Firm C lands in between, reflecting a balanced performance with moderate scores: a net
superior value of 0.2654 and a net inferior value of 0.3534. This suggests Firm C neither excels nor
struggles drastically, maintaining a more neutral stance.
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Figure 3 reveals the final standings of four firms, ranked according to their overall performance.
These rankings stem from the aggregation of their net superior and inferior values, offering a
comprehensive snapshot of their relative strengths and weaknesses across various evaluation criteria.
Firm D emerges at the top, claiming the first spot with the strongest overall performance. While its net
inferior value is substantial, it is overshadowed by an impressive net superior value, propelling it ahead of
the competition. Firm B takes second place, striking a favorable balance between strengths and
weaknesses. With a moderate net superior value, Firm B demonstrates solid performance, standing out
from the pack. Firm C, in third, portrays a more evenly distributed mix of strengths and drawbacks.
Though its net superior value is positive, it lags behind Firm B, resulting in a middle-tier ranking. Firm A,
trailing at fourth, holds the lowest position among the quartet.

A significant net inferior value, highlighting substantial weaknesses, weighs down its ranking.
Despite a positive net superior value, Firm A's pronounced disadvantages prove too substantial to elevate
it further. The rankings paint a clear picture: Firm D emerges as the top contender, propelled by its
impressive net superior value, even though it grapples with notable weaknesses in specific areas. Close
on its heels is Firm B, which strikes a solid balance between strengths and weaknesses, securing its
place as a formidable player. Firm C, sitting squarely in the middle, presents a mix of moderate net
superior and inferior values—its performance is relatively stable, neither excelling nor faltering drastically.
Unlike Firm A, it doesn’t carry the same severe disadvantages. Firm A, however, falls to the bottom,
weighed down by its substantial net inferior value, which overshadows its strengths, dragging it down in
the rankings. While it does have some merits, these are far outweighed by its drawbacks. Ultimately, the
analysis underscores the critical role that both superior and inferior values play in shaping a firm’s
competitive edge. Firms D and B clearly outperform, while Firm A faces substantial hurdles that impede
its positioning. This analysis offers a thorough breakdown of each firm’s strengths and weaknesses,
providing key insights for future strategic decisions.
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CONCLUSION

The e-commerce landscape is rapidly transforming global commerce, with robust supply chain
management acting as its backbone. As digital platforms proliferate and consumer expectations evolve,
organizations find themselves under intense pressure—forced to streamline operations, boost delivery
efficiency, and preserve competitive advantages amidst a marketplace growing ever more intricate. A
thorough examination of four e-commerce firms, utilizing the ELECTRE method, unveils crucial insights
into their supply chain capabilities and hurdles. The analysis, which scrutinized key factors like supply
chain disruptions, logistics issues, demand-supply mismatches, technological obstacles, sustainability
concerns, and market volatility, underscores the multifaceted complexity of modern e-commerce
operations. The findings reveal a distinct hierarchy among the assessed firms, with Firm D rising to the
top despite grappling with substantial challenges. This suggests that true excellence in e-commerce
supply chain management doesn’t hinge on perfection in every area but on excelling in critical domains
capable of compensating for weaker spots elsewhere. Firm B, securing second place with a more
balanced performance, underscores the value of consistency in supply chain operations. Notably, the
most impactful factor was the imbalance between demand and supply, which held the highest weight
(0.3355) among all criteria.

This highlights the essential need for equilibrium between customer demands and operational
capacity in the e-commerce landscape. Supply chain disruptions, weighted at 0.2336, followed closely,
signaling the growing importance of resilience in today’s unpredictable business climate. The study
uncovers a fascinating paradox: firms that excel in some areas can simultaneously face considerable
hurdles in others. Take, for instance, Firm D—boasting a high net superior value while also grappling with
a substantial net inferior value. This duality underscores a critical point: e-commerce companies must
strategically balance investments and improvements across various operational domains, avoiding an
over focus on their strengths alone. Looking forward, these insights carry significant weight for the e-
commerce sector. It is clear that success in modern supply chain management demands a nuanced
approach, one that accounts for a myriad of often conflicting factors. The ELECTRE method emerges as
an invaluable tool in this context, offering a structured framework for evaluating and comparing supply
chain performance across diverse dimensions. Future research could further enrich this analysis by
incorporating a broader array of firms and criteria, perhaps even considering emerging elements like
artificial intelligence and advanced analytics within supply chain management.
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Evaluating Supplier Performance Using COPRAS A Case Study of Electronics
Manufacturing

This study examines supplier selection criteria in the electronics industry using a complex
proportional method’s Assessment (COPRAS) method, examining both functional and performance
factors. The analysis reveals corrosion defects to be the most important factor in supplier selection,
ranking first with a 100% usage value, followed by missed roll defects (43%) and machine breakdown
(40%). The normalized data shows the superior effectiveness of kaizen in addressing corrosion defects
(0.7451), while facility planning shows strength in managing size waste (0.1770). The weighted
normalized decision matrix reinforces these findings, with kaizen showing a significant impact on
corrosion defects (0.18627).

The lowest priority factors include quantity waste (7th place), high setup time (6th place), and
guantity variation (5th place), indicating that these aspects require less immediate attention in selection
decisions. The study shows that improvement methods vary in their effectiveness, with Kanban and heat
treatment showing consistent but moderate performance across multiple criteria. These findings provide
valuable guidance to electronics manufacturers in their supplier selection process, suggesting a
hierarchical approach that emphasizes corrosion prevention while maintaining robust systems to handle
missed roll defects and machine failures. The research concludes that successful supplier selection
requires a balanced consideration of multiple factors to improve supply chain performance.

Keywords: Supplier selection, electronics industry, corrosion defects, multi-criteria decision
making, kaizen, supply chain management, performance evaluation, standardization and quality control.
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INTRODUCTION

Due to increasing government regulations and increasing public awareness of environmental
protection, businesses must prioritize environmental issues to remain competitive in today’s global
marketplace. Beyond simply complying with environmental regulations required for product sales in
specific regions, companies are also encouraged to adopt precautionary [1]. Operating in this highly
competitive business environment presents significant challenges, requiring effective planning, well-
defined selection criteria, strategic decision-making and seamless operational execution. Among these
responsibilities, supplier procurement stands out as a key component in managing a successful
semiconductor business [2]. This research introduces a model for assessing suppliers’ carbon
performance through a decision-making approach based on multiple criteria [3].Over the past decade,
increasing environmental concerns have led to a growing consensus that industrial pollution issues
should be addressed with supply chain management efforts, thereby promoting the principles of GSCM
[4]. After deciding to outsource, the next important step is to select the right suppliers. This selection
process is a strategic decision with potential for errors. An ideal supplier aligns with the company’s needs
and complements its established corporate culture.

To increase the likelihood of successful outsourcing, a systematic and well-informed decision-
making process is essential, carefully weighing the advantages and disadvantages of outsourcing [5].
Over the past few decades, the automobile industry in Taiwan has become one of the country's most
important sectors. Since automobile parts are sourced from various industries such as mechanics,
electronics, chemistry, and information, the expansion of the automobile sector has driven growth in these
related sectors. Increasing global awareness of environmental protection has led many countries to
establish green trade barriers to regulate international trade [6]. In recent times, these criteria have
become more complex, incorporating environmental, social and political considerations and customer
satisfaction alongside traditional factors such as quality, delivery, cost and service.[7]. The growing
awareness of environmental protection in India and globally has intensified the green movement that
focuses on conserving natural resources and protecting the environment. This trend is putting increasing
pressure on industries within India and globally. As a result, India has emerged as one of the top ten
countries and a leading manufacturing economy globally [8]. In the current business environment, supply
chains face significant uncertainty and volatility.

This volatility is driven by factors such as globalization, increasing outsourcing activities,
fluctuating demand, short product life cycles, severe inventory reduction, and a decline in the number of
suppliers available to the organization’s [9]. Equally important is the need for these organizations to
collaborate closely to stay ahead of their competitors. Supplier selection is a key part of improving
competitiveness, helping companies succeed in the marketplace by improving operational efficiency and
building strategic partnerships. This dual approach allows companies to thrive even in challenging
situations, minimizing risks and maximizing outcomes from the resources at hand [10]. Environmental
concerns are increasingly important to manufacturers, especially in countries such as the United States,
the European Union, and Japan, driven by legislation and customer mandates. As a more comprehensive
and integrated approach, Green supply chain management has emerged as a key innovation that helps
companies create "win-win" strategies [11].

The current business environment has introduced considerable uncertainty and volatility into
supply chains. This volatility is driven by factors such as globalization, increasing outsourcing, demand
fluctuations, short product life cycles, significant inventory cuts, and a reduction in the number of suppliers
for companies [12]. An automobile manufacturing company operates globally and relies on electronics,
mechanics, tire technology, and many other technologies to produce a vehicle. Each of these
technologies represents a specialized field that requires expertise. For a large manufacturer, it is almost
impossible to have all the technology required to produce a vehicle in-house. Selecting the right suppliers
and adopting effective procurement strategies is essential for the success of organizations. Investing time
and resources in making the right supplier selection decision is highly beneficial [13].However, with the
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increasing complexity and uncertainty in supply chains, price is no longer the dominant factor. Today,
factors such as just-in-time performance, supply flexibility, collaboration in product design, supplier
reliability, and low carbon footprint are also important for evaluation in the modern supply chain
environment. [14].

2. MATERIALS AND METHOD

Corrosion defect: Corrosion damage occurs when metal materials deteriorate due to chemical reactions
with their environment, often including water or air. This process weakens the material and leads to
pitting, rust, or cracking. If not properly managed, corrosion can cause structural failure, loss of
functionality, and significant maintenance costs.

Miss roll defect: In the production of rolled products such as metals or paper, a miss roll defect occurs
when the material is improperly fed through the rolling mill. This results in uneven thickness, surface
defects, or irregular shapes. This can affect the quality, performance, and further processing capabilities
of the material.

Size variation: Dimensional variation refers to the differences in the dimensions or measurements of a
product or item from its intended or standard size. This variation can occur during manufacturing due to
factors such as machine calibration, material inconsistencies, or environmental conditions. This can affect
product quality, functionality, and performance in end-use applications.

Scale waste: Scale refers to unwanted by-product formed on the surface of metals, especially steel,
during processes such as heating or forging. It consists of oxide layers and impurities that are not part of
the final product. Scale must be removed to ensure the quality of the product and prevent defects.

High setup time: High setup time refers to the extended amount of time required to prepare machines or
equipment for a manufacturing process. This includes tasks such as adjusting systems, loading materials,
or calibrating tools. Long setup times reduce operational efficiency, increase production costs, and lead to
delays in meeting output demands or deadlines.

Machine breakdown: Machine downtime occurs when equipment malfunctions or stops working due to
mechanical failure, electrical problems, or wear and tear. This disruption can halt production, causing
delays, reduced output, and increased maintenance costs. Timely repairs and regular maintenance are
critical to minimizing downtime and ensuring optimal machine performance.

Low productivity: Low productivity refers to a situation where the output of work or product is
significantly lower than expected or desired. This can be caused by inefficiency, lack of proper resources,
poor time management, or employee turnover. Addressing these issues is crucial to improving overall
performance and achieving business goals.

Kanban: Kanban is a visual workflow management system used to improve manufacturing processes
and inventory control. It uses cards or signals to indicate the need for actions, such as restarting or
completing tasks. Kanban helps manage work in progress, improve efficiency, and reduce waste by
encouraging the flow of continuous tasks.

Heat treatment: Heat treatment is a controlled process used to change the properties of metals or
materials by heating and cooling them under specific conditions. It improves properties such as hardness,
strength, and ductility. Common methods include annealing, quenching, and tempering, each designed to
achieve desired material properties for various applications.

Kaizen: Kaizen is a Japanese management philosophy that focuses on continuous improvement through
small, incremental changes. By fostering a culture of continuous improvement, Kaizen aims to increase
productivity, reduce waste, and improve overall organizational performance.
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Standardization: This ensures consistency, quality, and compatibility in products, services, or processes.
By implementing standardized methods, organizations can reduce variation, improve efficiency, and
increase customer satisfaction, ultimately leading to streamlined operations and cost savings.

Facility planning: Facility planning involves designing and organizing the physical layout of a workplace
or manufacturing site to improve efficiency, safety, and workflow. This includes considerations such as
space utilization, equipment placement, and employee mobility. Proper facility planning streamlines
operations, reduces waste, and supports the efficient use of resources over the long term.

COPRAS Method

The current urban system is characterized as a multidimensional entity based on static
abstraction. The urban area is divided into cells based on the similarity of their characteristics. The multi-
criteria complex proportionality assessment method (COPRAS) is used to assess the suitability of each
urban cell for a hypothetical, static small city [15]. A new MCDM approach called F-PIPRECIA is used to
assess the importance of eight criteria in selecting truck tractors. These eight alternatives are then
evaluated using the F-COPRAS method.[16]. Supply chain is a highly integrated aspect of modern
business management, focusing on designing services that connect suppliers with customers. A key
driving force behind the development of new supplier evaluation systems is that traditional approaches
often rely on simple weighted scoring systems [17]. This study is one of the first to integrate AHP and
COPRAS supplier selection techniques with interval-valued Pythagorean Fuzzy (IPF) logic, aiming to
compare and analyze the performance of these IPF-AHP and IPF-COPRAS evaluations in addressing the
supplier selection problem.[18]. The primary objective is to determine how to distribute total capital across
the stocks in a portfolio to balance risk and return based on the financial perspectives and preferences of
the investors.

In portfolio management, the main goal is to reduce controllable risks through effective
diversification, also referred to as diversifiable or uncorrelated risk [19]. In this regard, key decisions for
businesses include selecting the right suppliers and developing sustainable relationships with them. [20].
they can also serve as accessible platforms for engaging people from different age groups and social
backgrounds. Public buildings can act as catalysts for raising awareness about energy conservation and
creating a sense of community engagement. For non-residential buildings, the focus of improvement is
significantly different. Energy consumption concerns have lagged behind comfort improvements.
Renovation decisions are usually driven by dissatisfaction with comfort levels. As a result, the main
objective is to improve comfort conditions. [21]. in situations where identifying the optimal design is critical
to determining cost requirements and favorable product features, it becomes necessary to use an MCDM
tool such as COPRAS[22]. The modified approach, named L-COPRAS, provides a more adaptable
method for assessing real-world problems. In addition, this study emphasizes strategic cost control
measures with individually assigned weights, which has only been used in a few cases before [23].
COPRAS is a widely recognized method for addressing multi-objective decision-making (MCDM)
problems.

The proposed method, called L-COPRAS, provides a more adaptive framework for analyzing
real-world challenges. In addition, this study emphasizes strategic cost control measures, with separate
weights assigned to reflect their importance. [24]. The COPRAS method, a widely used MCDM technique,
stands out for its ability to measure the relative merits of alternatives compared to other methods. It
compares alternatives and evaluates them by determining how much better or worse each is compared to
the others as a percentage [25]. Manufacturing companies and service businesses often face the
challenge of selecting the right device or equipment from the various alternatives available. This issue is
especially important when purchasing the necessary equipment. In the case of TMC, a healthcare
provider, selecting medical equipment is of utmost importance for diagnosing patients [26]. Lean
Manufacturing philosophy identifies seven primary types of waste: transportation, inventory, movement,
waiting, overproduction, over processing, and defects. In this context, SMEs face challenges in remaining
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competitive due to lack of adequate facilities and outdated technologies [27]. To solve this problem, we
use a combination of fuzzy-ANP and COPRAS methods. The fuzzy-ANP method is used to handle
imprecise, ambiguous, and uncertain information in decision-making processes. By incorporating fuzzy
logic, this approach provides value ranges that reduce the impact of irrelevant or uncertain expert
judgments during pair wise comparisons.

The COPRAS method was chosen over alternative methods such as Electra, VIKOR, and
TOPSIS due to its simplicity in calculations. Furthermore, COPRAS accounts for both increasing and
decreasing attributes and includes interval values in its estimates. This method has been successfully
applied in CNC selection scenarios[28]. In addition, multi-criteria decision-making techniques including
the Analytical Hierarchy Process and (COPRAS) are used to prioritize waste and select lean tools,
respectively. The primary objective of this study is to use a fuzzy-integrated approach that combines AHP
and COPRAS to identify the most appropriate lean tools. The authors have outlined specific research
objectives to illustrate the potential of lean manufacturing in improving the efficiency of manufacturing
industries. [29].

3. RESULT AND DISCUSSION

TABLE 1. Supplier Selection in the Electronics Industry

Kanban Heat treatment | Kaizen Standardization | Facility planning
Corrosion
defect 0.019 0.019 0.114 0.088 0.06
Miss roll
defect 0.006 0.006 0.013 0.011 0.004
Size variation | 0.004 0.004 0.008 0.004 0.01
Scale waste 0.004 0.004 0.004 0.006 0.02
High setup
time 0.007 0.007 0.004 0.015 0.008
Machine
breakdown 0.002 0.002 0.009 0.005 0.005
Low
productivity 0.005 0.005 0.001 0.007 0.006

As illustrated in Table 1, the supplier selection process in the electronics industry can be
evaluated using the COPRAS method. Various methods such as Kanban, heat treatment, kaizen,
standardization, and facility planning are evaluated based on their impact on these factors. For example,
corrosion defects show high values in kaizen (0.114) and standardization (0.088), while size variation is
affected the least by all methods. These insights help identify the most effective approaches to improve
operational efficiency and reduce defects in supplier operations.
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Supplier Selection in the Electronics Industry
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FIGURE 1. Supplier Selection in the Electronics Industry

Figure 1 illustrates Supplier selection in the electronics industry using the COPRAS method.
Different approaches such as Kanban, heat treatment, kaizen, standardization, and facility planning are
compared based on key factors. For example, kaizen has a higher impact on corrosion defects (0.114),
while standardization effectively reduces size variation (0.004).

TABLE 2. Normalized Data

Kanban Heat treatment Kaizen Standardization Facility planning
0.4043 0.4043 0.7451 0.6471 0.5310
0.1277 0.1277 0.0850 0.0809 0.0354
0.0851 0.0851 0.0523 0.0294 0.0885
0.0851 0.0851 0.0261 0.0441 0.1770
0.1489 0.1489 0.0261 0.1103 0.0708
0.0426 0.0426 0.0588 0.0368 0.0442
0.1064 0.1064 0.0065 0.0515 0.0531

Table 2 presents normalized data for supplier selection in electronics industry using the COPRAS
method. Five methods are evaluated: Kanban, heat treatment, kaizen, standardization, and facility
planning. Kaizen shows the highest normalized value for corrosion defects (0.7451), emphasizing its
effectiveness. Standardization follows with significant results for quantity waste (0.0441) and high setup
time (0.1103). Facility planning scores especially well for quantity waste (0.1770) but lags behind in
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productivity (0.0531). In contrast, Kanban and heat treatment maintain stable values for most parameters,

reflecting consistent performance. This analysis helps to understand the effectiveness of each method in
improving supplier operations.

Normalized Data
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FIGURE 2. Normalized Data

Figure 2 illustrates the normalized data for supplier selection using the COPRAS method. Kaizen
shows the highest performance for corrosion defects (0.7451), while facility planning shows significant
performance for quantity waste (0.1770). Kanban and heat treatment exhibit stable values, reflecting
balanced capabilities across parameters. Standardization excels in setup time reduction (0.1103).

TABLE 3. Weight

Weight
0.25 0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25 0.25
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Table 3 presents the weight distribution for the COPRAS method, where all criteria are given
equal importance. Each method Kanban, heat treatment, kaizen, standardization and facility planning
receive a uniform weight of 0.25 across all parameters. This balanced approach ensures fairness in
assessing supplier performance without bias towards any one criterion.

TABLE 4. Weighted normalized decision matrix

Weighted normalized decision matrix
Corrosion defect 0.10106 0.10106 0.18627 0.16176 0.13274
Miss roll defect 0.03191 0.03191 0.02124 0.02022 0.00885
Size variation 0.02128 0.02128 0.01307 0.00735 0.02212
Scale waste 0.02128 0.02128 0.00654 0.01103 0.04425
High setup time 0.03723 0.03723 0.00654 0.02757 0.01770
Machine breakdown | 0.01064 0.01064 0.01471 0.00919 0.01106
Low productivity 0.02660 0.02660 0.00163 0.01287 0.01327

Table 4 shows the weighted normalized decision matrix using the COPRAS method. It calculates
the weighted impact of various supplier performance factors such as corrosion defects, missed roll
defects, Size variation, size wastage, high setup time, machine downtime and low productivity. For
example, kaizen has a higher weighted impact on corrosion defects (0.18627), indicating its superior
effectiveness in addressing this issue. However, facility planning shows a significant influence on scale
waste (0.04425) and productivity (0.01327). This matrix helps to assess the overall effectiveness of
different strategies by combining both performance and weighting factors to guide supplier selection
decisions.

Weighted normalized decision
matrix

Weighted normalized decision matrix =~ Weighted normalized decision matrix
Weighted normalized decision matrix m Weighted normalized decision matrix

® Weighted normalized decision matrix
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FIGURE 3. Weighted normalized decision matrix

Figure 3 shows the weighted normalized decision matrix for the COPRAS method, which
summarizes the influence of the various strategies on key performance factors. Kaizen stands out with
the highest impact on corrosion defects (0.18627), while it is most effective for facility planning-level
waste (0.04425). The matrix helps to compare the performance of each method on different criteria.

TABLE 5. Bi & Ci & Min (Ci)/Ci

Bi Ci Min(Ci)/Ci
Corrosion defect 0.388 0.295 0.0688
Miss roll defect 0.085 0.029 0.6967
Size variation 0.056 0.029 0.6871
Scale waste 0.049 0.055 0.3664
High setup time 0.081 0.045 0.4474
Machine breakdown 0.036 0.020 1.0000
Low productivity 0.055 0.026 0.7747
min(Ci)*sum(Ci) 0.010126562 4.0410

Table 5 presents the Bi, Ci, and Min (Ci)/Ci values for evaluating supplier performance using the
COPRAS method. The Bi and Ci values represent the benefits and costs associated with each factor. For
example, the Min (Ci)/Ci ratio for mechanical breakdown is 1.0000, indicating a significant cost impact. In
contrast, the Min (Ci)/Ci ratio for corrosion defects is lower (0.0688), indicating a minor impact on overall
costs. The final row combines these metrics, showing a weighted sum of 4.0410. These calculations
provide a clear view of the balance between benefits and costs for each supplier criterion.

Bi & Ci & Min(Ci)/Ci

Low productivity
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High setup time
Scale waste

Size variation
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FIGURE 4. Bi & Ci & Min (Ci)/Ci

Figure 4 illustrates the Bi, Ci, and Min (Ci)/Ci values in the COPRAS method. Mechanical failure
has the highest Min (Ci)/Ci ratio (1.0000), which highlights its significant cost impact. In contrast,
corrosion defects have the lowest ratio (0.0688), indicating a low cost impact. These metrics are essential
for assessing supplier performance.

TABLE 6. Qi, Ui and Ui % and Rank

Qi Ui Ui Rank
Corrosion defect 0.397 100.0000 100% 1
Miss roll defect 0.171 43.1519 43% 2
Size variation 0.141 35.4333 35% 5
Scale waste 0.094 23.7895 24% 7
High setup time 0.136 34.3543 34% 6
Machine breakdown 0.160 40.2390 40% 3
Low productivity 0.151 37.9642 38% 4

Table 6 presents the Qi, Ui, Ui % and ranking values in the COPRAS method for assessing
supplier performance. Qi represents the overall impact, while Ui and Ui % represent the normalized
values and their percentages relative to the highest value. Corrosion defects occupy the highest position
(1), with a Ui value of 100%, reflecting its significant importance. Mechanical failure follows with a Ui value
of 40.2390, which ranks third. Other factors, such as size variation and scale waste, occupy lower
positions, with Ui percentages of 35% and 24%, respectively. These metrics help prioritize key areas for
improvement in supplier operations.

Ql &UlI
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FIGURE 5. Qi & Ui

Figure 5 illustrates the Qi and Ui values in the COPRAS method for supplier evaluation with their
percentages. Corrosion defects have the highest Qi and Ui values, both 100%, indicating its dominant
importance. Other factors such as machine failure (40%) and missed roll defect (43%) follow, showing
their significant, but less influence. Size variation and size waste are less significant with Ui percentages
of 35% and 24%, respectively. These values help to prioritize the factors affecting supplier performance
and guide decision-making in supplier selection based on their relative impact.

Rank

FIGURE 6. Rank

Figure 6 shows the ranking of factors in the COPRAS method for assessing supplier
performance. Corrosion defect ranks highest (1), followed by missed roll defect (2), and mechanical
breakdown (3). Other factors such as size variation (5), high setup time (6), and size waste (7) rank lower,
indicating their reduced influence.

4. CONCLUSION

This study reveals that the COPRAS method provides a comprehensive framework for evaluating
and selecting suppliers in the electronics industry, considering multiple criteria simultaneously. The results
show that corrosion defects emerge as the most important factor in supplier selection, ranking first with a
utility value (Ui) of 100%. This suggests that manufacturers should prioritize suppliers that have robust
measures in place to prevent and control corrosion problems. Miss roll defects are in second place with a
utility value of 43%, while mechanical breakage is in third place at 40%, indicating their significant but
small impact on supplier performance. The analysis also reveals that different improvement methods
have varying degrees of effectiveness. Kaizen shows particularly strong effectiveness in addressing
corrosion defects (0.7451 on normalized data), while facility planning shows effectiveness in managing
batch waste (0.1770).
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The standardization system has proven valuable in reducing lead times, and Kanban and heat
treatment show consistent effectiveness across multiple parameters. This suggests that a combination of
methods can be more effective in addressing different aspects of supplier performance. Lower-ranking
factors such as batch waste (7th), high setup time (6th), and batch variation (5th) still attract attention but
do not require immediate priority in supplier selection decisions. While their lower rankings may impact
overall performance, they may be more manageable or have less critical impacts on operational success.
These findings provide valuable guidance to electronics manufacturers in their supplier selection process,
suggesting a hierarchical approach to evaluation criteria that considers the performance of different
development methods. The results indicate that successful supplier selection requires a balanced
consideration of multiple factors, with a particular emphasis on preventing and managing corrosion
defects, while maintaining robust systems to handle missed roll defects and machine breakdowns. This
comprehensive understanding enables better decision-making in supplier selection, which can lead to
improved supply chain performance and operational efficiency in the electronics industry.
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Optimizing Education through Ai and Promethee-Based Personalization

Al for Personalized Learning in Education

Artificial Intelligence (Al) has transformed the education sector by enabling personalized learning,
where teaching strategies and resources are customized to meet the unique needs of individual learners.
Unlike traditional methods, Al-powered systems assess students' performance, preferences, and learning
styles to design tailored learning experiences, improving both engagement and outcomes. With adaptive
learning tools, intelligent tutoring systems, and real-time analytics, students can advance at their own
pace while educators gain insights to address learning gaps more effectively. Moreover, Al promotes
inclusivity by supporting students with disabilities and overcoming language barriers. As Al continues to
advance, it holds tremendous potential to reshape education, making it more efficient, accessible, and
suited to the needs of the modern era.

Research on Al for personalized learning in education is crucial for its ability to transform
conventional teaching practices. By leveraging student data, Al creates customized learning experiences,
adjusting content, pace, and assessments to meet individual needs. This approach boosts engagement,
comprehension, and knowledge retention while ensuring inclusivity for diverse learners, including those
with disabilities. Through real-time feedback and analytics, both students and educators can quickly
identify and overcome learning obstacles. Al also promotes self-directed learning and critical thinking,
equipping students to tackle future challenges. Advancing research in this area supports equitable,
efficient, and scalable education solutions, helping to bridge global learning gaps and foster lifelong
learning.

The methodology for utilizing Al in personalized learning involves applying advanced algorithms,
machine learning, and data analytics to customize educational experiences based on individual needs. It
starts with gathering and analyzing student data, including performance, preferences, and learning
behaviors. Adaptive learning systems leverage this data to dynamically modify content, pacing, and
difficulty. Al-powered tools such as virtual tutors and chatbots deliver real-time support, while analytics
platforms provide educators with actionable insights for targeted interventions. Furthermore, technologies
like natural language processing enable interactive feedback, and gamification enhances student
engagement. This approach creates a tailored, inclusive, and highly effective learning environment for
every learner.

Improved Learning Outcomes (ILO), Student Engagement (SE), Personalization Depth (PD),
Accessibility (ACC), Cost of Implementation (COST), Data Privacy Concerns (DPC), Technical
Complexity (TC)

The Gamified Al Learning App is ranked at the top, while the Adaptive Learning System holds the
lowest position on the ranking table.

Keywords: Adaptive Learning System, Intelligent Tutoring System, Al-Powered Learning Analytics,
Gamified Al Learning App, Improved Learning Outcomes (ILO), Student Engagement (SE)

INTRODUCTION

Artificial Intelligence (Al) offers transformative potential for personalized learning, particularly in the
realm of special education. By utilizing adaptive learning technologies, Al tailors content, pacing, and
instructional strategies to align with individual learning profiles, fostering an inclusive and effective
environment for students with disabilities.[1] Applications such as speech recognition tools for
communication challenges, real-time feedback systems to address cognitive difficulties, and predictive
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analytics to detect learning gaps have proven highly effective in meeting diverse needs. These
innovations empower students with disabilities to overcome obstacles, providing equitable and
customized learning opportunities.[2] By exploring successful implementations and ongoing research, this
study highlights Al's potential to revolutionize special education, equipping students with disabilities to
reach their full potential. With responsible and thoughtful application, Al can help close educational gaps
and redefine support for every learner’s unique journey.[3] The integration of Artificial Intelligence (Al) in
education goes far beyond simply developing learning tools, offering a wide range of applications that
transform how knowledge is delivered and assessed.

Al-driven personalized learning solutions include mobile learning platforms, educational games,
collaborative social learning environments, MOOCs, and augmented reality, all designed to boost
engagement and cultivate advanced thinking skills.However, the adoption of Al in education presents
notable challenges and risks.[4] Concerns such as data privacy, misinformation, plagiarism, algorithmic
biases, and cultural disparities pose significant barriers to the ethical deployment of Al technologies.
Furthermore, the digital divide where some students lack access to Al-powered resources threatens to
deepen existing educational inequalities, disproportionately impacting marginalized groups.[5]
Additionally, the reduced emphasis on human interaction raises concerns about the holistic development
of students.To fully harness Al's potential to revolutionize education, educators and policymakers must
address these challenges through responsible implementation, adherence to ethical standards, and the
promotion of equitable access. With thoughtful navigation of these issues, Al can become a
transformative tool to enhance education while preserving academic integrity and ensuring inclusivity for
all learners.[6] The integration of Al in education is revolutionizing management education by enabling
personalized learning, adaptive pathways, and data-driven insights for educators.

Recent studies highlight the growing importance of Al in equipping students to meet the demands of
an ever-evolving business landscape. Research by Tominc and Rozman (2023) underscores the need to
align management education with Al-driven industry expectations, emphasizing the rising demand for
skills like data analytics and strategic decision-making among undergraduate and postgraduate students
pursuing careers influenced by Al.[7] Similarly, Chan and Tsi (2023) examine Al’s dual function in higher
education as both a teaching tool and a potential substitute for educators. While Al enhances
personalized learning, streamlines instructional processes, and boosts academic performance, their
research highlights the irreplaceable role of human educators in nurturing critical thinking and emotional
intelligence. These findings collectively emphasize the importance of integrating Al technologies
thoughtfully, striking a balance between their potential benefits and the essential role of human guidance
in preparing management students for thriving in an Al-driven professional environment.[8] Al has brought
transformative advancements to education through systems designed to deliver personalized instruction,
improving student engagement, performance, and retention.

Jelicic and van der Vorst (2019) highlight Al's potential to revolutionize teaching and learning by
enabling dynamic and adaptable educational experiences.[9] Similarly, Somasundaram et al. (2020)
emphasize the importance of personalized learning strategies in enhancing self-efficacy and academic
success.Traditional educational models often fall short in meeting the diverse needs of learners,
struggling to provide timely feedback and accommodate varying learning speeds, preferences, and
interests. Tang et al. Addressing these ethical considerations is essential to creating an education system
that benefits all learners while overcoming the limitations of traditional approaches.[10] The rise of Al in
education has transformed traditional teaching methods by creating personalized learning pathways
tailored to the unique needs of each student.

This innovation addresses the ongoing challenges of catering to diverse learning styles, paces, and
preferences within standardized educational frameworks.[11] Al-driven personalized learning systems
dynamically adjust
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content delivery, pacing, and assessments in real time, leveraging data-driven insights to
accommodate individual strengths, weaknesses, and progress. By offering customized support, these
systems enhance student engagement, motivation, and understanding, leading to deeper subject
mastery.[12]The system utilizes advanced conversational Al technologies to provide course-specific
learning experiences by integrating smoothly with Learning Management Systems (LMS) such as Canvas
and enabling access to complex data.[13] To assess its effectiveness, metrics like information retrieval
accuracy, question-answering accuracy, and hallucination accuracy are employed, ensuring the system
can retrieve relevant information, provide precise responses, and handle queries that cannot be
answered.[14]By applying sophisticated document parsing techniques like the Nougat method, the
system ensures accurate content interpretation and supports various academic needs, including
guantitative fields, through code execution capabilities. The design prioritizes accessibility, inclusivity, and
user privacy, guaranteeing equitable support for all learners. This system shows significant potential to
enhance engagement and improve understanding, particularly in subjects that require interaction with
complex data.[15]

MATERIAL AND METHOD
Alternative:

Adaptive Learning System:An Adaptive Learning System customizes educational experiences
using technology, tailoring content, pace, and feedback to individual learners' needs, enhancing
engagement, understanding, and performance through personalized pathways.

Intelligent Tutoring System:An Intelligent Tutoring System (ITS) is a computer-based system
designed to provide personalized learning, adapting content and feedback dynamically to students'
needs, improving engagement and learning outcomes.

Al-Powered Learning Analytics: Al-powered learning analytics leverages artificial intelligence to
analyze educational data, personalize learning experiences, predict student performance, identify at-risk
learners, and provide actionable insights for improving teaching and learning outcomes.

Gamified Al Learning App: A Gamified Al Learning App combines interactive learning with game-
like elements, using rewards, challenges, and Al-driven personalization to enhance engagement,
retention, and skill development in an enjoyable way.

Evaluation preference:

Improved Learning Outcomes (ILO): Improved Learning Outcomes focus on enhancing student
performance through effective teaching methods, personalized approaches, technology integration,
continuous assessment, and fostering critical thinking, collaboration, and engagement for better
educational success.

Student Engagement (SE): Student engagement refers to students' active involvement, interest,
and emotional investment in learning, encompassing behavioral, cognitive, and emotional dimensions,
fostering better academic performance, critical thinking, and meaningful learning experiences.

Personalization Depth (PD): Personalization Depth refers to the extent a system tailors content,
recommendations, or interactions to an individual's preferences, behaviors, or needs, enhancing user
experience and engagement effectively.

Accessibility (ACC):Accessibility refers to the ease with which individuals can reach desired
services, locations, or opportunities, emphasizing inclusivity, equity, and efficient transportation systems
for all, regardless of physical or situational constraints.
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Cost of Implementation (COST): The cost of implementation in PROMETHEE involves defining
criteria, selecting preference functions, and computing net flows. It is relatively low due to its simplicity
and decision-maker-friendly parameters.

Data Privacy Concerns (DPC):Data privacy concerns involve protecting personal information from
unauthorized access, misuse, or breaches. Key issues include data collection, consent, storage, sharing,
and ensuring compliance with privacy regulations.

Technical Complexity (TC): Technical complexity refers to the level of difficulty in understanding,
implementing, or maintaining a system or method due to its structure, components, and interactions. It
increases with system size and intricacy.

PROMETHEE METHOD

This paper introduces the PROMETHEE methods, a novel approach in multicriteria decision
analysis characterized by simplicity, clarity, and robustness. By employing the concept of a generalized
criterion, the methods establish a valued outranking relation.[16] The parameters involved have practical
economic interpretations, making them intuitive for decision-makers to define. PROMETHEE offers two
distinct analytical approaches: a partial ranking of alternatives through PROMETHEE | and a complete
ranking using PROMETHEE II, applicable to a finite set of feasible actions.[17] A comparative analysis
with the ELECTRE Ill method highlights the stability of the results. Numerical examples demonstrate the
effectiveness of these methods, while discussions address potential future challenges and
applications.The PROMETHEE (Preference Ranking Organization Method for Enrichment Evaluation)
family represents an advanced outranking approach designed to evaluate criteria both qualitatively and
guantitatively.[18] It is built on three core principles: enriching the preference structure through diverse
preference functions, enhancing the dominance relation between alternatives across criteria, and
supporting decision-making through partial and complete rankings.

With six major preference functions available, tailored to different criteria characteristics (Brans et
al., 1986), the method effectively eliminates the impact of criteria scaling a key advantage. Decision-
makers can customize preference functions and threshold values for each criterion, ensuring flexibility
and alignment with their priorities.[19] The overall evaluation is synthesized through the comprehensive
net flow calculation. This paper explores the applications of PROMETHEE | and Il in the transportation
sector, focusing on addressing current limitations and proposing new models to enhance public
transportation quality in future research. Subsequent sections include a detailed literature review an in-
depth presentation of the PROMETHEE method , and a discussion of conclusions.[20]

RESULT AND DISCUSSION

TABLE 1. Al for personalized learning in education

Improve | Student | Personalizat | Accessibi Cost of Data Technic
d Engagem ion Depth | lity (ACC) | Implementat | Privacy al

Learnin | ent (SE) (PD) ion (COST) | Concer | Complex
g ns ity (TC)

Outcom (DPC)

es (ILO)

Adaptive Learning 100 2 0.2 10 400 50 100
System
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Intelligent 20 11 1 20 200 25 20
Tutoring System

Al-Powered 10 54 2 20 100 15 15
Learning Analytics

Gamified Al 5 100 5 40 150 30 20
Learning App

Max 100 100 5 40 400 50 100
Min 5 2 0.2 10 100 15 15
max-Min 95 98 4.8 30 300 35 85
95 98 4.8 30 300 35 85

Table 1 provides an evaluation of various Al systems for personalized learning in education using
the PROMETHEE method, comparing them across seven key criteria: Improved Learning Outcomes
(ILO), Student Engagement (SE), Personalization Depth (PD), Accessibility (ACC), Cost of
Implementation (COST), Data Privacy Concerns (DPC), and Technical Complexity (TC). The Adaptive
Learning System scores highest in ILO, COST, and TC, demonstrating its strong ability to enhance
learning outcomes but at a higher implementation cost and complexity. The Intelligent Tutoring System
balances moderate engagement and personalization while remaining relatively low-cost and less
technically demanding.

Al-Powered Learning Analytics excels in SE and PD, offering insightful learning improvements with
minimal privacy and cost concerns. The Gamified Al Learning App dominates in SE and PD, indicating its
appeal for engagement and personalization, though accessibility and privacy concerns remain higher.
The range between maximum and minimum scores (Max-Min) reveals significant disparities, particularly
in SE (98), COST (300), and TC (85), highlighting varied strengths and challenges across systems.
Overall, the table underscores the importance of balancing technical capabilities, accessibility, and ethical
concerns to select the most suitable Al-driven approach for personalized learning.
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FIGURE 1. Al for personalized learning in education

Figure 1 illustrates the application of the PROMETHEE method in evaluating various factors related
to Al for personalized learning in education. The chart plots five key criteria: Improved Learning
Outcomes (ILO), Student Engagement (SE), Personalization Depth (PD), Accessibility (ACC), and Cost of
Implementation (COST). The ILO metric displays significant variability, with values ranging from nearly 0
to 350, indicating its pivotal role and fluctuating impact. SE and PD, represented by relatively stable lines,
exhibit modest values under 100, suggesting consistent but moderate contributions to personalized
learning. Accessibility (ACC) remains the lowest among the criteria, reflecting its limited influence or
priority in this evaluation. Meanwhile, COST demonstrates the highest fluctuations, spiking sharply to over
400 at specific instances, emphasizing its critical and variable nature in decision-making. These trends
underscore the challenges and trade-offs in integrating Al-driven personalized learning, where balancing
outcomes, engagement, depth, accessibility, and cost is vital for effective implementation.

TABLE 2. Normalized Matrix

Normalized Matrix

Improved Student Personalizatio | Accessibilit Cost of Data
Learning Engageme | n Depth (PD) y (ACC) Implementatio Privacy
Outcomes nt (SE) n (COST) Concerns
(ILO) (DPC)
Adaptive 0 -49 -24 -3 0 0
Learning
System
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Intelligent -16 -44.5 -20 -2 -2 -1.66667
Tutoring
System

Al-Powered -18 -23 -15 -2 -3 -2.33333
Learning
Analytics

Gamified Al -19 0 0 0 -2.5 -1.33333
Learning

App

Table 2 provides a normalized matrix representing the evaluation of various Al-driven solutions for
personalized learning in education using the PROMETHEE method. Six criteria are considered: Improved
Learning Outcomes (ILO), Student Engagement (SE), Personalization Depth (PD), Accessibility (ACC),
Cost of Implementation (COST), and Data Privacy Concerns (DPC). Each Al solution is assigned a
normalized value reflecting its relative performance across these criteria. The Adaptive Learning System
scores highest in Accessibility (ACC), indicating minimal barriers, but lags significantly in Student
Engagement (SE) and Personalization Depth (PD). The Intelligent Tutoring System performs moderately
but faces challenges in SE and moderate data privacy concerns. Al-Powered Learning Analytics exhibits
relatively low scores across most criteria, suggesting room for improvement in delivering personalized
learning. The Gamified Al Learning App, though neutral in PD and SE, demonstrates lower costs and
fewer data privacy issues, making it a cost-effective alternative. This analysis highlights trade-offs among
Al solutions, emphasizing the need to balance performance, affordability, and privacy in implementing Al
for personalized education.
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Figure 2 illustrates the normalized matrix for four educational technologies Adaptive Learning
System, Intelligent Tutoring System, Al-Powered Learning Analytics, and Gamified Al Learning App
across several evaluation criteria using the PROMETHEE method. The criteria include Implementation
Learning Objectives (ILO), Student Engagement (SE), Information Depth (ID), Accessibility (ACC), Cost
of Implementation (COI), and Data Privacy Concerns (DPC). Each line represents the performance of a
technology, with values normalized to provide a comparative view.The Adaptive Learning System (blue
line) performs well across most criteria, especially in areas such as Student Engagement and
Accessibility, while maintaining a balance in cost and privacy concerns. The Intelligent Tutoring System
(red line) shows a strong performance in Student Engagement and Information Depth but faces
challenges with Cost of Implementation and Accessibility. Al-Powered Learning Analytics (green line)
excels in Information Depth and Accessibility, demonstrating its analytical strength but struggles in Data
Privacy Concerns. The Gamified Al Learning App (purple line) has a weaker performance overall, with
significant dips in key criteria such as Student Engagement and Implementation Learning Objectives,
suggesting limitations in meeting educational goals effectively.

TABLE 3. Pair wise Comparison

Pair wise Comparison

C1 c2 C3 C4 C5 C6
D12 16 -4.5 -4 -1 2 1.666667
D13 18 -26 -9 -1 3 2.333333
D14 19 -49 -24 -3 25 1.333333
D21 -16 4.5 4 1 -2 -1.66667
D23 2 -21.5 -5 0 1 0.666667
D24 3 -44.5 -20 -2 0.5 -0.33333
D31 -18 26 9 1 -3 -2.33333
D32 -2 21.5 5 0 -1 -0.66667
D34 1 -23 -15 -2 -0.5 -1
D41 -19 49 24 3 -2.5 -1.33333
D42 -3 44.5 20 2 -0.5 0.333333
D43 -1 23 15 2 0.5 1

Table 3 presents a pairwise comparison of different Al solutions for personalized learning in
education, evaluated through the PROMETHEE method across six criteria: Improved Learning Outcomes
(C1), Student Engagement (C2), Personalization Depth (C3), Accessibility (C4), Cost of Implementation
(C5), and Data Privacy Concerns (C6). The pairwise differences (D) reveal how each Al solution performs
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relative to another. Positive values indicate a comparative advantage, while negative values denote
weaknesses.For instance, Adaptive Learning Systems (D12, D13, D14) generally excel in cost and data
privacy (C5 and C6) but underperform significantly in student engagement (C2) and personalization depth
(C3). Intelligent Tutoring Systems (D21, D23, D24) show stronger relative performance in accessibility
(C4) but face challenges in cost-effectiveness and data privacy.

Al-Powered Learning Analytics (D31, D32, D34) performs better in C1 (learning outcomes) and C4
(accessibility) compared to other solutions, though it struggles with C5 and C6. The Gamified Al Learning
App (D41, D42, D43) excels in student engagement (C2) and personalization depth (C3), showcasing its
potential to actively engage learners, but sacrifices performance in cost-effectiveness (C5).This
comparison highlights the nuanced trade-offs between Al systems, guiding educators and policymakers in
selecting the optimal solution based on specific priorities and constraints

TABLE 4. Preference Value

Preference Value
0.2336 0.1652 0.3355 0.1021 0.0424 0.1212

D12 3.7376 0 0 0 0.0848 0.202 4.0244
D13 4.2048 0 0 0 0.1272 0.2828 4.6148
D14 4.4384 0 0 0 0.106 0.1616 2
D21 0 0.7434 1.342 0.1021 0 0 2.1875
D23 0.4672 0 0 0 0.0424 0.0808 0.5904
D24 0.7008 0 0 0 0.0212 0 0.722
D31 0 4.2952 3.0195 0.1021 0 0 7.4168
D32 0 3.5518 1.6775 0 0 0 5.2293
D34 0.2336 0 0 0 0 0 0.2336
D41 0 8.0948 8.052 0.3063 0 0 16.4531
D42 0 7.3514 6.71 0.2042 0 0.0404 14.306
D43 0 3.7996 5.0325 0.2042 0.0212 0.1212 9.1787

Table 4 illustrates the preference values of Al-driven solutions for personalized learning in
education, analyzed using the PROMETHEE method. The preference values are derived from weighted
criteria: Improved Learning Outcomes, Student Engagement, Personalization Depth, Accessibility, Cost of
Implementation, and Data Privacy Concerns. Higher preference values signify a solution's superiority in
meeting the criteria, while lower values indicate weaker performance.The Gamified Al Learning App (D41,
D42, D43) dominates with the highest preference values, particularly excelling in Student Engagement
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and Personalization Depth. This highlights its ability to engage learners effectively while offering
personalized experiences, making it a standout solution for fostering active learning.

However, its cost and data privacy aspects remain less favorable.Al-Powered Learning Analytics
(D31, D32, D34) also demonstrates strong performance, especially in Improved Learning Outcomes and
Accessibility, with significant preference values. It provides robust insights for tailoring learning strategies
but faces challenges in cost-effectiveness and privacy concerns. Adaptive Learning Systems (D12, D13,
D14) exhibit moderate performance, performing well in cost and data privacy criteria but falling short in
Student Engagement and Personalization Depth. Intelligent Tutoring Systems (D21, D23, D24) achieve
balanced scores, offering moderate accessibility benefits but limited competitive advantage in other
areas.This analysis underscores the trade-offs among Al solutions and helps stakeholders prioritize
criteria based on educational goals.

TABLE 5. Sum, Positive flow, Negative flow

M1 M2 M3 M4 Sum positive flow
M1 0 4.0244 4.6148 2 10.6392 3.5464
M2 2.1875 0 0.5904 0.722 3.4999 1.166633
M3 7.4168 5.2293 0 0.2336 12.8797 4.293233
M4 16.4531 14.306 9.1787 0 39.9378 13.3126
Sum 26.0574 23.5597 14.3839 2.9556
Negative Flow 8.6858 7.853233 4.794633 0.9852

Table 5 presents the positive and negative flows for Al solutions in personalized learning, calculated
using the PROMETHEE method. The positive flow represents a solution's strength in outperforming
others, while the negative flow indicates its weaknesses relative to competitors. The net flow (positive flow
minus negative flow) determines the overall ranking of the solutions.The Gamified Al Learning App (M4)
achieves the highest positive flow (13.3126) and the lowest negative flow (0.9852), resulting in the
strongest net preference. This underscores its exceptional performance in engaging students and
delivering personalized learning experiences, making it the most favorable option overall.

Al-Powered Learning Analytics (M3) ranks second, with a positive flow of 4.2932 and a moderate
negative flow of 4.7946. Its robust performance in learning outcomes and accessibility contributes
significantly to its standing, though it faces challenges in cost and privacy.Adaptive Learning Systems
(M1) perform moderately, with a positive flow of 3.5464 and a negative flow of 8.6858. While cost and
privacy are strengths, they struggle in areas like student engagement. Intelligent Tutoring Systems (M2)
show the lowest net performance, with a positive flow of 1.1666 and a negative flow of 7.8532, indicating
limited competitive advantage.
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TABLE 6.Positive flow, Negative flow, Net flow

positive flow Negative Flow Net flow

Adaptive Learning System 0.081055 0.43654 -0.35549
Intelligent Tutoring System 0.324681 0.211854 0.112827
Al-Powered Learning Analytics 0.319344 0.282844 0.036499
Gamified Al Learning App 0.348069 0.14191 0.206159

Table 6 presents the positive flow, negative flow, and net flow for Al solutions in personalized
learning, as analyzed using the PROMETHEE method. The net flow, calculated by subtracting the
negative flow from the positive flow, serves as the key metric for ranking the solutions, with higher values
indicating better overall performance.The Gamified Al Learning App achieves the highest net flow
(0.206159), driven by its strong positive flow (0.348069) and the lowest negative flow (0.14191). This
highlights its effectiveness in fostering student engagement and providing personalized learning
experiences while maintaining a relatively low level of drawbacks, making it the most favorable option
overall.

The Intelligent Tutoring System ranks second with a net flow of 0.112827. It demonstrates a
balanced performance, with a moderate positive flow (0.324681) and a low negative flow (0.211854),
indicating its potential as a robust and reliable tool for personalized learning.Al-Powered Learning
Analytics shows a marginally positive net flow (0.036499), reflecting its strength in delivering learning
insights but also highlighting significant challenges, particularly in cost and privacy concerns.The Adaptive
Learning System, with a negative net flow (-0.35549), indicates the weakest overall performance. While it
has a small positive flow (0.081055), its high negative flow (0.43654) suggests substantial limitations in
key areas like student engagement and personalization.
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FIGURE 3. Positive flow, Negative flow, Net flow
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Figure 3 illustrates the Positive Flow, Negative Flow, and Net Flow for four educational technologies
Adaptive Learning System, Intelligent Tutoring System, Al-Powered Learning Analytics, and Gamified Al
Learning App evaluated using the PROMETHEE method. The Positive Flow (blue) represents the
strengths or positive contributions of each technology, while the Negative Flow (red) indicates their
limitations or drawbacks. The Net Flow (green) is the difference between the Positive and Negative
Flows, serving as an overall measure of each technology's performance.The Adaptive Learning System
exhibits the highest Positive Flow and Net Flow, indicating its strong advantages and minimal drawbacks,
making it the most favorable option.

The Intelligent Tutoring System demonstrates moderate Positive and Negative Flows, resulting in a
balanced but slightly weaker Net Flow compared to the top-ranked system. Al-Powered Learning
Analytics shows a higher Positive Flow than the Intelligent Tutoring System, leading to a stronger Net
Flow, emphasizing its effectiveness. In contrast, the Gamified Al Learning App has the lowest Positive
Flow and a relatively high Negative Flow, resulting in a negative Net Flow. This highlights its challenges
and limitations in comparison to the other technologies. These results underscore the importance of
minimizing weaknesses to maximize the overall impact of educational tools.

TABLE 7. Rank

Rank
Adaptive Learning System 4
Intelligent Tutoring System 2
Al-Powered Learning Analytics 3
Gamified Al Learning App 1

Table 7 presents the final ranking of Al solutions for personalized learning in education, determined
using the PROMETHEE method. The rankings are based on the net flow values, which reflect each
solution's overall performance across criteria like improved learning outcomes, student engagement,
personalization depth, accessibility, cost, and data privacy concerns.The Gamified Al Learning App
secures the top rank (1), showcasing its ability to provide high student engagement and personalized
learning experiences. Its strong net flow highlights its effectiveness in meeting educational goals while
minimizing drawbacks, making it the most optimal choice among the evaluated solutions.The Intelligent
Tutoring System ranks second (2), demonstrating a balanced performance with strengths in accessibility
and moderate effectiveness in engaging students and addressing personalization needs.

This solution provides a reliable middle ground, particularly for institutions seeking cost-effective
and accessible options.Al-Powered Learning Analytics is ranked third (3), reflecting its solid capabilities in
improving learning outcomes and offering actionable insights. However, its challenges in cost and privacy
concerns prevent it from ranking higher.The Adaptive Learning System is ranked last (4), with a negative
net flow indicating significant limitations. While it performs well in terms of cost and data privacy, it
struggles in critical areas like student engagement and personalization, reducing its overall effectiveness.

77



Sciforce Publications
www.sciforce.org

Rank

4.5

2 ® Rank

15 -

0.5

Adaptive Learning  Intelligent Tutoring  Al-Powered Learning Gamified Al Learning
System System Analytics App
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Figure 4 presents the ranking of four educational technologies Adaptive Learning System, Intelligent
Tutoring System, Al-Powered Learning Analytics, and Gamified Al Learning App using the PROMETHEE
(Preference Ranking Organization Method for Enrichment Evaluations) method. The rankings,
represented on the vertical axis, reveal the relative preference or effectiveness of each technology. The
Adaptive Learning System ranks the highest with a score of 4, indicating its superior performance or
preference among the evaluated criteria. Al-Powered Learning Analytics follows closely with a rank of 3,
showcasing its strong potential in educational settings.

The Intelligent Tutoring System occupies the third position with a rank of 2, highlighting its utility but
indicating room for improvement compared to the top-ranked technologies. Finally, the Gamified Al
Learning App ranks lowest with a score of 1, suggesting its relative underperformance or lesser
preference. This ranking reflects the varying levels of adoption, innovation, or perceived impact of these
technologies, emphasizing the dominance of adaptive and data-driven systems in modern education. The
results guide stakeholders in prioritizing the development and implementation of these tools, with a
particular focus on leveraging adaptive systems and learning analytics to enhance educational outcomes.

CONCLUSION

Al's role extends beyond delivering personalized content to include real-time feedback and
assessment. Traditional methods of evaluation often involve delayed feedback, which can hinder a
student's ability to identify and address their weaknesses promptly. In contrast, Al-powered systems offer
immediate insights into student performance, allowing learners to make necessary adjustments and
improve their understanding of the subject matter. The role of educators in an Al-enhanced learning
environment is another important consideration. While Al can automate routine tasks, such as grading
and administrative work, it cannot replace the human touch that teachers bring to the classroom.
Emotional support, mentorship, and fostering social skills remain uniquely human responsibilities that are
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integral to holistic education. Teachers must adapt to their evolving roles as facilitators of learning,
leveraging Al tools to enhance their effectiveness rather than perceiving them as a threat to their
profession.Looking ahead, the potential of Al for personalized learning is boundless. Emerging
technologies, such as natural language processing (NLP) and generative Al, hold promise for creating
even more immersive and interactive educational experiences.

For instance, virtual tutors powered by NLP can engage in meaningful conversations with students,
answering their questions and guiding them through complex concepts. Similarly, generative Al can
create dynamic learning materials, such as custom quizzes, lesson plans, and multimedia content, further
enriching the educational experience.Furthermore, the integration of Al with other advanced technologies,
such as augmented reality (AR) and virtual reality (VR), can revolutionize personalized learning.
Immersive environments enable students to explore topics in a hands-on manner, making abstract
concepts tangible and relatable. For example, a history lesson could transport students to ancient
civilizations, while a biology class could allow them to virtually dissect organisms. Such experiences not
only deepen understanding but also enhance engagement and curiosity.
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Optimizing Supply Chain Configurations: A Grey Relational Analysis of
Distribution Models

Supply Chain Configuration

Supply chain configuration involves the strategic design and planning of a company’s supply
chain system, including its structure, processes, and resources. This includes decisions on sourcing
materials, setting up production facilities, managing transportation, and optimizing distribution and
inventory. The goal is to streamline the movement of goods and services from suppliers to customers
while balancing costs, speed, flexibility, and risk. Key considerations include choosing optimal locations,
leveraging technology, and aligning with market needs. A well-configured supply chain boosts operational
efficiency, enhances customer satisfaction, strengthens competitiveness, and supports organizational
objectives and sustainability.

Research significance highlights the importance and potential impact of a study or investigation. It
explains how the research addresses a gap in existing knowledge, solves a particular problem, or
contributes to advancements in a specific field. The significance outlines the potential benefits of the
research findings, such as improving practices, influencing policies, or guiding future research. It
emphasizes the relevance of the study to academics, professionals, or society, and how the results can
lead to practical applications or deeper understanding. Ultimately, research significance justifies the need
for the study and underscores its value in contributing to broader knowledge.

The methodology for supply chain configuration involves a systematic approach to designing and
optimizing a company's supply chain. It typically begins with analyzing the current supply chain structure,
identifying inefficiencies, and assessing customer needs. Next, it includes defining key factors such as
sourcing strategies, production facilities, transportation networks, and inventory management systems.
Decision-making tools like optimization models, simulations, and scenario analysis are used to test
different configurations. Data collection, such as market trends, costs, and performance metrics, informs
these decisions. The methodology also involves continuous monitoring and adjustments to align the
supply chain with evolving market demands and organizational goals.

Cost Efficiency (%), Delivery Speed (days), Customer Satisfaction, Scalability, Supplier Reliability
(%),

Vertical Integration is getting first place of the table and Decentralized Distribution is getting
lowest rank of the table

Keywords: Cost Efficiency (%), Delivery Speed (days), Customer Satisfaction, Centralized
Distribution, Decentralized Distribution
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INTRODUCTION

In the early stages of our research design, we prioritized selecting a methodology that would best
align with the exploratory nature of our study. Given the novel and underexplored dimensions of our
research focus particularly the interplay between product customization and modularity in supply-chain
configurations we identified qualitative methods as the most suitable approach. This decision stemmed
from the need to delve deeply into complex and nuanced phenomena that have not been extensively
addressed in existing literature. Furthermore, qualitative methods allowed us to uncover theoretical
insights while accommodating the divergent perspectives that characterize this field.[1] This paper
focuses on identifying optimal strategies for configuring supply chains for new products, aiming to provide
a practical decision-support tool for product managers. This tool is particularly useful during the critical
phase of product development when the design has been finalized, but decisions regarding vendors,
manufacturing methods, and transportation options remain open. Our framework addresses the supply
chain configuration challenge by analyzing three key cost components.[2] In structured product
development processes, this configuration typically occurs after the product’s functionality is defined, with
the materials management organization (MMO) taking the lead. At this stage, managers must navigate a
range of sourcing choices, including selecting among multiple suppliers, manufacturing techniques, and
delivery modes, to establish an efficient and cost-effective supply chain.[3] To guide these critical
decisions, we propose a framework centered on what we term the supply-chain configuration problem.

This problem involves determining the optimal configuration for a supply chain designed for a new
product, where the product’s design is finalized, and the network topology is predefined.[4] The core task
is selecting the most suitable suppliers, components, processes, and transportation methods at each
stage of the supply chain. Each option within a stage is characterized by key factors such as lead times
and associated direct costs. Our framework evaluates encompasses the cost of goods sold along with
inventory holding costs for safety stock and pipeline stock. The ultimate goal of the supply chain
configuration problem is to identify sourcing options that minimize these combined costs across all
stages.[5] This study explores the impact of introducing customized production on the performance of
supply chains, focusing specifically on various configurations within the footwear industry. Customization
necessitates a fundamental shift from handling large, uniform orders to managing numerous smaller
orders with high variability in product types.[6] This transition significantly influences supply chain
performance, as companies must adapt to increased complexity and variability. To evaluate these effects,
we develop a discrete-event simulation model that examines how different supply chain configurations
perform under customization.

Key performance metrics include Inventory Volume (IV) and Order Lead-Time (OLT). The model
is applied to a real-world dataset from an Italian footwear manufacturer that produces both customizable
and standard products, providing practical insights into the operational challenges and opportunities
posed by customization.[7]As global supply chains grow increasingly complex, companies face mounting
pressure to address social and environmental challenges, such as labor violations and ecological harm,
while maintaining competitive advantages in cost and quality. To navigate these demands, firms must
adopt an integrated approach that harmonizes supply chain configuration, stakeholder engagement, and
capability development.[8] By balancing control and accountability, organizations can better manage their
exposure to stakeholder scrutiny, ensuring alignment between operational practices and broader societal
expectations. This approach highlights the importance of developing both technical capabilities such as
sustainable sourcing and waste reduction and relational capabilities, like fostering transparency and
collaboration with suppliers and external stakeholders.[9] Understanding how these dimensions interact
within a supply chain allows firms to not only improve social and environmental outcomes but also
enhance their resilience and reputation.

Ultimately, this perspective urges a rethinking of traditional supply chain theories to incorporate
the role of external stakeholders, enabling companies to craft strategies that drive responsible
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performance while mitigating risks and unlocking long-term value.[10]To address the pressing need for
socially and environmentally responsible supply chains, our approach integrates stakeholder
management principles with established supply chain concepts, presenting a cohesive framework that
connects supply chain configuration to control and accountability.[11] By leveraging insights from the
capabilities literature, we examine how technical and relational capabilities cultivated within specific
supply chain configurations whether efficient or responsive can evolve into broader social and
environmental competencies. This framework identifies key variables that influence stakeholder exposure
across the supply chain, demonstrating how these exposures interact with developed capabilities to
impact the.[12] Through this lens, we offer a structured pathway for organizations to align supply chain
strategies with stakeholder expectations and sustainability goals, driving improved performance across all
dimensions.

This paper addresses the optimization of make-to-order (MTO) supply chains by developing a
model that minimizes total system-wide costs, including cost of goods sold (COGS), pipeline inventory,
and setup costs, while considering time dependencies and resource constraints. The model provides a
decision-support tool for purchasing and project managers to design efficient supply chains for new
orders, balancing cost, time, and resource performance.[13] Key components include a formal problem
description, a hybrid Benders decomposition (HBD) algorithm, and a real-world application example.
Computational experiments offer insights into optimal configurations, concluding with findings that guide
future research and practical supply chain strategies.This study addresses a critical research gap by
proposing a decision-making model that integrates key factors influencing supply chain network design
(SCND) and its significant drivers. The aim is to support network designers in selecting optimal strategic
supply chain configurations or assessing the coherence of existing structures across various industries.
Previous literature has explored different supply chain configurations.[14] A "global scale" involves cross-
border delivery of goods, with production activities dispersed across regions to maximize capacity. In
contrast, a "local scale" focuses on transportation and production within regional boundaries, centralizing
operations in specific areas.

This comprehensive approach ensures robust decision-making for SCND, aligning configurations
with the unique demands of industries and markets.[15]across functional and geographical domains,
encompassing both tactical and operational decisions to ensure seamless interaction among its
members. This study investigates the influence of product modular structure on the configuration of
globally distributed supply chains.[16] By accounting for currency exchange rate fluctuations, which
impact production, inventory, and transportation costs, the research develops an integer linear decision-
support model to optimize the location of supply chain nodes. The model simultaneously considers
currency exchange rates and optimal modular product structures to minimize total costs.[17] Using an
automobile wiper system as a case study, the research demonstrates the model's capability to evaluate
the effects of currency fluctuations, modular design variations, and postponement strategies in global
supply chain configurations. This approach also offers practical insights into addressing challenges
related to trade barriers, regional financial systems, and intellectual property protection.

By integrating these factors into supply chain design, the study provides a robust framework for
organizations to navigate the complexities of global operations while optimizing cost efficiency and
strategic flexibility.[18]Innovation plays a critical role in the evolution of supply chains, yet its integration
often introduces complexities that demand a comprehensive approach. While prior research has explored
innovation within the supply chain context, the challenges of aligning innovation with the entire supply
chain architecture and member relationships remain under examined. A prevalent issue is the tendency
of firms to retain existing supply chain configurations despite adopting innovative practices, leading to a
misalignment between the supply chain's structure, its operational environment, and strategic objectives.
Addressing this misalignment requires a holistic analysis that considers the interconnectedness of supply
chain activities and the ripple effects of innovation. By adopting this perspective, firms can not only
minimize risks that may arise but also gain insights into the measurable impacts of innovation. This
understanding is crucial for optimizing innovation management across all stages of the supply chain,
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ensuring alignment with both operational goals and market demands.[19] with the ultimate objective of
delivering value and enhancing customer satisfaction. Achieving this requires aligning the operational and
strategic frameworks of individual firms with those of their supply chain partners. The configuration of a
supply chain, therefore, involves critical decisions across various dimensions, such as supplier selection,
network design, transportation modes, distribution strategies, material flow management, outsourcing,
facility localization or globalization, and collaborative practices. These configurations serve as the
backbone of supply chain strategy, shaping how firms respond to market demands and competitive
pressures.

Expanding the scope of traditional supply chain configurations to incorporate strategic elements
alongside structural aspects allows for a more integrated approach. [20] Building on this, research on
supply chain configurations is categorized into three main dimensions: archetypes that define distinct
supply chain models, structural patterns that highlight collective designs, and optimization-focused
studies aimed at enhancing performance, reducing costs, or achieving greater vertical integration. This
broader perspective underscores the critical interplay between configuration and strategy in driving supply
chain effectiveness. The analysis highlights the importance of aligning supply and distribution policies,
particularly through consistent levels of flexibility across different stages of the supply chain. Companies
often achieve superior performance when flexibility is balanced between upstream and downstream
stages, rather than concentrating it in a single stage. Furthermore, the study reveals that supply chains
derive greater benefits when flexibility is emphasized at the upstream stages, aligning with the principles
of the bullwhip effect.[21] Extending this concept, the notion of limited flexibility proves to be a practical
approach for configuring supply chain networks.

By assigning appropriate degrees of flexibility to various stages and nodes, companies can
optimize overall supply chain efficiency and responsiveness. Future research will focus on examining
more complex supply chain structures, providing insights into additional practical applications and refining
the proposed model for broader industry scenarios Data mining and knowledge discovery techniques
have been widely employed across various fields to extract actionable insights from raw data. In the
context of supply chain networks, despite the critical role of information in driving efficiency and
effectiveness, limited research has focused on leveraging these methods to address the dynamic nature
of supply chains.[22] This paper proposes a framework for applying knowledge discovery techniques,
specifically tailored for automated supply chain configuration. Through illustrative examples, the
methodology demonstrates how data-driven insights can inform decision-making in supply chain design.
Unlike traditional approaches where supply chain configuration was treated as a static, one-time problem,
this framework emphasizes adaptability and responsiveness. A static configuration may fail to optimize
conflicting objectives, such as achieving the best price and fastest service for all orders. By integrating
knowledge discovery methods, the proposed framework aims to enable dynamic and context-aware
supply chain configurations, ensuring enhanced performance and resilience in diverse operational
scenarios.[23]

MATERIAL AND METHOD
Alternative:

Centralized Distribution: Centralized distribution involves consolidating inventory and order
fulfillment at a single or few locations. It improves efficiency, reduces costs, and simplifies management
but may increase lead times for distant customers.

Decentralized Distribution: Decentralized distribution involves managing inventory across
multiple, geographically dispersed warehouses or centers, enabling faster delivery, reduced
transportation costs, and localized customer service, while increasing inventory management complexity
and coordination challenges.
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Hybrid Model: A Hybrid Model integrates multiple methods, like simulation, mixed-integer
programming, and genetic algorithms, to optimize complex systems by leveraging their strengths for
efficient, scalable, and realistic problem-solving.

Just-in-Time (JIT) Model: The Just-in-Time (JIT) model minimizes inventory by producing or
procuring goods only as needed, reducing waste, improving efficiency, and aligning production closely
with demand.

Lean Supply Chain: Lean Supply Chain focuses on minimizing waste, improving efficiency, and
maximizing value by optimizing processes, reducing inventory, and streamlining operations to meet
customer demand with minimal resources.

Vertical Integration: Vertical integration refers to a strategy where a company expands its
operations into different stages of production within its supply chain, controlling both upstream suppliers
and downstream distribution processes for greater efficiency and control.

Agile Supply Chain: An Agile Supply Chain focuses on flexibility and responsiveness, enabling
quick adaptation to market changes, customer demands, and uncertainties. It emphasizes collaboration,
speed, and adaptability to optimize performance and competitiveness.

Outsourced Model: The Outsourced Model involves delegating specific supply chain functions,
such as production or logistics, to third-party providers. This strategy reduces costs, enhances flexibility,
and allows companies to focus on core competencies.

Evaluation preference:

Cost Efficiency (%): Cost Efficiency (%) measures how effectively resources are used to
minimize costs in a process or operation. It compares actual costs to expected or optimal costs, reflecting
the efficiency of resource utilization.

Delivery Speed (days): Delivery speed (days) refers to the time taken from order placement to
product delivery. It is a critical metric for assessing supply chain efficiency and customer satisfaction in
meeting deadlines.

Customer Satisfaction: Customer satisfaction refers to the degree to which a company's
products or services meet or exceed customer expectations, leading to positive experiences, loyalty, and
repeat business, ultimately driving long-term success.

Scalability: Scalability refers to a system's ability to handle increased load or demand by
expanding resources or capacity without compromising performance, ensuring efficient operation as it
grows in size or complexity.

Supplier Reliability (%): Supplier reliability (%) measures the consistency and dependability of a
supplier in meeting delivery schedules, quality standards, and other contract terms, indicating how well
they fulfill their commitments over time.

GREY RELATIONAL ANALYSIS (GRA)

The Grey Relational Analysis (GRA) method is employed for this purpose, as it handles the
complex interrelationships between multiple performance characteristics. GRA converts several
objectives into a single composite objective, simplifying the analysis. By calculating the grey relational
grade (GRG) through normalization of process parameters, the method effectively evaluates multiple
performance metrics, converting them into a single characteristic for optimization.[24] Multi-attribute
decision-making (MADM) aims to identify the best alternative from a finite set of options, each
characterized by conflicting criteria. Decision makers often encounter challenges when selecting the most
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suitable choice in a consistent and transparent way. To address this, a robust, systematic, and formal
decision-making method needs to be developed, reflecting the complexities of real-world problems.
MADM methods, particularly grey relational analysis (GRA), are increasingly recognized as valuable tools
for tackling such complexities.

GRA, rooted in grey system theory developed by Deng, helps evaluate, select, and rank
alternatives by addressing uncertainty and incomplete information.[25] In GRA, the critical step of data
processing or grey relational generation converts alternative performances into a comparability sequence,
from which a reference sequence is defined. The efficiency, reliability, and robustness of GRA methods
heavily depend on how data is pre-processed or normalized, influencing the accuracy of decision-making
outcomes. Developing an efficient and effective government E-tendering system to enhance the
traditional tendering process is a complex undertaking, involving multiple subsystems. One critical
subsystem is the web-based bid evaluation system, designed to identify the most suitable tenderer based
on available information using advanced methodologies.[26]

RESULT AND DISCUSSION
TABLE .1 Supply Chain Configurations

Alternative Cost Delivery Customer Scalability Supplier
Efficiency Speed Satisfaction Reliability (%)
(%) (days)
Centralized 85 3 8 7 20
Distribution
Decentralized 80 5 7 8 85
Distribution
Hybrid Model 78 4 9 6 88
Just-in-Time (JIT) 90 2 9 9 92
Model
Lean Supply Chain 82 4 7 7 86
Agile Supply Chain 88 3.5 8 8 89
Vertical Integration 75 6 6 6 80
Outsourced Model 83 3 8.5 8 87

The table 1 compares various supply chain models based on their performance in five key areas:
Cost Efficiency, Delivery Speed, Customer Satisfaction, Scalability, and Supplier Reliability. The
Centralized Distribution model is strong in cost efficiency (85%) and supplier reliability (90%), but its
delivery speed (3 days) and customer satisfaction (8) are moderate. It also ranks reasonably well in
scalability (7). Decentralized Distribution offers high scalability (8) and good supplier reliability (85%), but
it performs less favorably in delivery speed (5 days) and customer satisfaction (7). The Hybrid Model is
well-balanced, excelling in customer satisfaction (9) and supplier reliability (88%) but has slightly lower
cost efficiency (78%) and scalability (6). The Just-in-Time (JIT) Model leads in cost efficiency (90%) and
customer satisfaction (9), also performing well in scalability (9) and supplier reliability (92%), although its
delivery speed is slower (2 days).
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The Lean Supply Chain performs well in cost efficiency (82%) and has moderate results in
delivery speed, customer satisfaction, and scalability, though supplier reliability (86%) is slightly lower.
The Agile Supply Chain excels in cost efficiency (88%), delivery speed (3.5 days), customer satisfaction
(8), scalability (8), and supplier reliability (89%). Vertical Integration has the lowest scores in cost
efficiency (75%) and customer satisfaction (6), but it provides reliable scalability and supplier reliability.
Finally, the Outsourced Model offers good cost efficiency (83%) and supplier reliability (87%) with high
customer satisfaction (8.5) and scalability (8), and a relatively fast delivery speed (3 days).
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FIGURE 1.Supply Chain Configuration

The graph in the image 1 compares the performance of various supply chain models across five
key criteria: Cost Efficiency, Delivery Speed, Customer Satisfaction, Scalability, and Supplier Reliability.
Each supply chain model Centralized Distribution, Decentralized Distribution, Hybrid Model, Just-in-Time
(JIT) Model, Lean Supply Chain, Agile Supply Chain, Vertical Integration, and Outsourced Model is
evaluated using a combination of these factors. The blue bars represent Cost Efficiency, indicating how
well each model minimizes costs. The other colored bars correspond to Delivery Speed (green),
Customer Satisfaction (red), Scalability (purple), and Supplier Reliability (yellow). This visual highlights
the strengths and weaknesses of each model in relation to these criteria.

TABLE 2.Normalized Data

Normalized Data

Cost Delivery Speed Customer Scalabilit Supplier
Efficiency (%) (days) Satisfaction y Reliability (%)
Centralized 0.6667 0.2500 0.6667 0.6667 0.1667
Distribution
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Decentralized 0.3333 0.7500 0.3333 0.3333 0.5833
Distribution
Hybrid Model 0.2000 0.5000 1.0000 1.0000 0.3333
Just-in-Time (JIT) 1.0000 0.0000 1.0000 0.0000 0.0000
Model
Lean Supply Chain 0.4667 0.5000 0.3333 0.6667 0.5000
Agile Supply Chain 0.8667 0.3750 0.6667 0.3333 0.2500
Vertical Integration 0.0000 1.0000 0.0000 1.0000 1.0000
Outsourced Model 0.5333 0.2500 0.8333 0.3333 0.4167

The Table 2 showcases various supply chain models and their normalized performance across
five key metrics: Cost Efficiency, Delivery Speed, Customer Satisfaction, Scalability, and Supplier
Reliability, with scores ranging from 0 to 1, where higher values signify better performance.Centralized
Distribution achieves balanced scores in cost efficiency, customer satisfaction, scalability, and reliability,
but struggles with slower delivery speed. Decentralized Distribution has slower delivery and lower
scalability, though it benefits from higher supplier reliability. The Hybrid Model blends different
approaches, excelling in customer satisfaction and scalability but lacking in cost efficiency and supplier
reliability. The Just-in-Time (JIT) Model emphasizes cost efficiency and customer satisfaction but falls
short in delivery speed and scalability.

The Lean Supply Chain prioritizes cost efficiency, scalability, and supplier reliability but is
moderately effective in delivery speed and customer satisfaction. The Agile Supply Chain offers strong
cost efficiency while maintaining a flexible balance across other metrics. Vertical Integration stands out for
its high supplier reliability and scalability, but it underperforms in cost efficiency and customer satisfaction.
Finally, the Outsourced Model provides moderate results in cost efficiency and customer satisfaction,
though it faces challenges with scalability. These models represent different strategic decisions
businesses make based on their specific priorities and operational goals.
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FIGURE 2. Normalized Data

The graph2 displayed shows the normalized performance of various supply chain models based
on five key criteria: Cost Efficiency, Delivery Speed, Customer Satisfaction, Scalability, and Supplier
Reliability. Each supply chain mode Centralized Distribution, Decentralized Distribution, Hybrid Model,
Just-in-Time (JIT) Model, Lean Supply Chain, Agile Supply Chain, Vertical Integration, and Outsourced
Model is evaluated based on these normalized metrics.Normalized data is presented on a scale from 0 to
1, with higher values indicating better performance. The blue bars represent normalized Cost Efficiency,
which measures how well each model minimizes costs relative to the others.

The red bars show normalized Delivery Speed, with the green bars representing normalized
Customer Satisfaction. The purple bars indicate normalized Scalability, and the cyan bars represent
normalized Supplier Reliability.By normalizing the data, the graph makes it easier to compare the relative
performance of each model across all criteria on a common scale. For instance, the Hybrid Model
performs exceptionally well in Customer Satisfaction, while the Just-in-Time Model scores higher in
Delivery Speed. The data also reveals that the Agile Supply Chain and Outsourced Models tend to
perform better in several key areas like Scalability and Supplier Reliability, while centralized models
generally excel in Cost Efficiency. This visualization helps in making informed decisions about which
supply chain model best fits a particular business requirement based on different operational priorities.
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TABLE 3. Deviation sequence

Deviation sequence
Cost Efficiency (%) Delivery Speed Customer Scalability Supplier
(days) Satisfaction Reliability (%)
0.3333 0.7500 0.3333 0.3333 0.8333
0.6667 0.2500 0.6667 0.6667 0.4167
0.8000 0.5000 0.0000 0.0000 0.6667
0.0000 1.0000 0.0000 1.0000 1.0000
0.5333 0.5000 0.6667 0.3333 0.5000
0.1333 0.6250 0.3333 0.6667 0.7500
1.0000 0.0000 1.0000 0.0000 0.0000
0.4667 0.7500 0.1667 0.6667 0.5833

The Table 3 Deviation Sequence is a tool that quantifies how much each supply chain model
differs from an ideal or reference value for various criteria. These deviations indicate the gap between the
performance of each model and the ideal performance, helping to evaluate where each model stands in
terms of optimization.For each model, the deviation values represent how far its performance is from the
best possible score (typically 1, signifying perfect performance). For example, a deviation of 0.3333 in
Cost Efficiency suggests that the model is relatively close to the ideal but still has room for improvement.

In Delivery Speed, deviations vary widely, with some models showing a perfect score (0.0000)
while others exhibit larger gaps (1.0000), highlighting notable differences in delivery
performance.Customer Satisfaction shows a mix of deviations, with some models achieving ideal
satisfaction levels (0.0000), while others fall short. The deviations in Scalability and Supplier Reliability
also differ significantly, reflecting varying performances across models in terms of growth potential and
dependency on suppliers.The Deviation Sequence provides valuable insights into how each model
compares to the ideal, highlighting areas where improvements are needed. The smaller the deviation, the
closer the model is to optimal performance in that specific area.
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FIGURE 3. Deviation sequence

The 3D area chart 3 in the image displays the deviation sequences for five key performance
criteria across eight supply chain models. These criteria include Cost Efficiency, Customer Satisfaction,
Supplier Reliability, Scalability, and Delivery Speed. The chart uses different colors to represent each
criterion: red for Cost Efficiency, green for Customer Satisfaction, blue for Supplier Reliability, purple for
Scalability, and cyan for Delivery Speed. Each point on the x-axis corresponds to one of the eight models,
while the y-axis indicates the deviation values, showing how each model deviates from the ideal
performance. From the chart, it is evident that some models exhibit larger deviations in certain areas,
signaling weaker performance in those criteria. For instance, the Outsourced Model might show higher
deviations in both Cost Efficiency and Delivery Speed, whereas the Vertical Integration model could
demonstrate more consistent performance across all aspects. This visualization aids in understanding
which supply chain models excel or struggle with various objectives, such as cost control, customer
satisfaction, delivery timelines, and scalability.

TABLE 4. Grey relation coefficient

Grey relation coefficient

Cost Delivery Speed Customer Scalability Supplier
Efficiency (%) (days) Satisfaction Reliability (%)
Centralized 0.6000 0.4000 0.6000 0.6000 0.3750
Distribution
Decentralized 0.4286 0.6667 0.4286 0.4286 0.5455
Distribution
Hybrid Model 0.3846 0.5000 1.0000 1.0000 0.4286
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Just-in-Time (JIT) 1.0000 0.3333 1.0000 0.3333 0.3333
Model

Lean Supply 0.4839 0.5000 0.4286 0.6000 0.5000
Chain

Agile Supply 0.7895 0.4444 0.6000 0.4286 0.4000
Chain

Vertical 0.3333 1.0000 0.3333 1.0000 1.0000

Integration

Outsourced 0.5172 0.4000 0.7500 0.4286 0.4615

Model

The Table 4 Grey Relation Coefficient (GRC) is a technique used to assess the performance of
various supply chain models across different criteria. In this case, the models are evaluated based on
Cost Efficiency, Delivery Speed, Customer Satisfaction, Scalability, and Supplier Reliability. GRC values,
ranging from O to 1, are assigned to each model, with higher values indicating better performance.
Centralized Distribution performs moderately well across most criteria, particularly in Cost Efficiency and
Customer Satisfaction, although its Supplier Reliability is comparatively lower. Decentralized Distribution
shines in Delivery Speed but falls short in areas like Cost Efficiency and Scalability. The Hybrid Model
stands out in Customer Satisfaction and Scalability, but its results in Cost Efficiency and Delivery Speed
are average. The Just-in-Time(JIT) Model scores highly in Customer Satisfaction but struggles with
Scalability and Supplier Reliability, affecting its overall performance. The Lean Supply Chain excels in
Cost Efficiency but has weaker results in Customer Satisfaction and Delivery Speed. The Agile Supply
Chain does well in Cost Efficiency, but it faces challenges in Delivery Speed and Scalability. Vertical
Integration performs exceptionally in Supplier Reliability and Scalability but has lower ratings for Cost
Efficiency. Lastly, the Outsourced Model offers a balanced performance with moderate scores,
particularly in Customer Satisfaction, although it is less efficient in Cost and Delivery Speed.

m Grey relation coefficient
Supplier Reliability (%)

Grey relation coefficient
Scalability

Grey relation coefficient
Customer Satisfaction

Grey relation coefficient

o ;
| 0' S Delivery Speed (days)
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S

FIGURE 4. Grey relation coefficient
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The chart 4 illustrates a comparative analysis of the Grey Relation Coefficients (GRC) across five
evaluation parameters for different supply chain configurations. Each stacked bar represents a specific
configuration, with distinct colors indicating contributions from Cost Efficiency (%), Delivery Speed (days),
Customer Satisfaction, Scalability, and Supplier Reliability (%).The blue segment (Cost Efficiency) and
light blue segment (Supplier Reliability) consistently make significant contributions across all
configurations, underscoring their critical role in overall performance. The Hybrid Model and Agile Supply
Chain show strong contributions in all parameters, particularly excelling in Supplier Reliability and
Customer Satisfaction, making them reliable and well-balanced choices. Meanwhile, configurations such
as Centralized Distribution and Decentralized Distribution show relatively balanced contributions but are
hindered by lower scores in key areas like Scalability, which diminishes their effectiveness.This analysis
provides valuable insights into the strengths and limitations of each configuration, helping decision-
makers choose the best option based on specific operational objectives.

TABLE 5. GRG
GRG
Centralized Distribution 0.5150
Decentralized Distribution 0.4996
Hybrid Model 0.6626
Just-in-Time (JIT) Model 0.6000
Lean Supply Chain 0.5025
Agile Supply Chain 0.5325
Vertical Integration 0.7333
Outsourced Model 0.5115

The table 5 presents the Grey Relational Grade (GRG) for various supply chain models, reflecting
their overall performance based on key evaluation criteria. The GRG values range from 0 to 1, with higher
values indicating better alignment with ideal performance across multiple aspects like cost efficiency,
delivery speed, customer satisfaction, scalability, and supplier reliability. The Centralized Distribution
model has a GRG of 0.5150, demonstrating a moderate performance, while Decentralized Distribution
performs slightly worse with a GRG of 0.4996.

The Hybrid Model (0.6626) stands out with a significantly higher score, indicating better overall
performance. The Just-in-Time (JIT) Model (0.6000) also performs well, especially in cost and delivery
speed but falls behind the Hybrid and Vertical Integration models. The Lean Supply Chain and Agile
Supply Chain models show moderate GRGs of 0.5025 and 0.5325, respectively, with the Agile model
excelling in scalability. The Vertical Integration model leads with the highest GRG of 0.7333, showcasing
the best overall performance, particularly in cost efficiency and supplier reliability. Finally, the Outsourced
Model (0.5115) performs similarly to the Centralized and Decentralized models but is still outperformed by
others like Hybrid and Vertical Integration. These GRG scores provide a clear comparison of which
models are best suited for optimizing supply chain performance.
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The chart 5titled "GRG" (interpreted as Grey Relational Grade) illustrates the performance scores
of various supply chain configurations. GRG values range from 0 to 0.8, with higher scores indicating
better alignment with the evaluation criteria. The Hybrid Model achieves the highest GRG score,
indicating it is the most effective option, offering a well-rounded balance of factors such as cost-efficiency,
speed, flexibility, and sustainability. Conversely, the Just-in-Time (JIT) Model has the lowest GRG value,
suggesting it is less favorable in this context, potentially due to challenges with scalability and handling
variability under uncertain conditions.

Both the Vertical Integration and Outsourced Model configurations perform well, with higher GRG
values that emphasize their strengths in operational efficiency and reliability. Meanwhile, configurations
like Centralized Distribution, Lean Supply Chain, and Agile Supply Chain fall within the mid-range,
reflecting moderate performance and trade-offs across key parameters.The Decentralized Distribution
configuration ranks toward the lower end of the GRG scale, indicating certain limitations in its suitability
for the scenario being evaluated. This GRG analysis provides valuable insights for decision-makers to
choose the most suitable supply chain model while considering all critical factors holistically.
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TABLE 6.Rank

Rank

Centralized Distribution

Decentralized Distribution

Hybrid Model

Just-in-Time (JIT) Model

Lean Supply Chain

AN W] N 00 O

Agile Supply Chain

Vertical Integration 1

Outsourced Model 6

The Table 6 Shows a rankings highlight various supply chain models based on factors like
efficiency, flexibility, cost-effectiveness, and responsiveness. Vertical Integration, ranked first, involves
controlling multiple supply chain stages, offering operational control and reduced reliance on external
suppliers, but it demands substantial investment and expertise. The Hybrid Model, ranked second,
combines centralized and decentralized distribution, striking a balance between control and adaptability
while managing costs effectively. The Just-in-Time (JIT) Model, ranked third, minimizes inventory by
aligning production with demand, reducing waste and costs but requiring precise coordination to avoid
disruptions.

Fourth-ranked Agile Supply Chain emphasizes adaptability, making it suitable for industries with
variable demand, though it often incurs higher costs. Centralized Distribution, ranked fifth, consolidates
inventory in one location, enhancing cost control and efficiency but potentially increasing delivery times
for distant customers. The Outsourced Model, ranked sixth, enables companies to focus on core
operations while lowering costs, although dependency on external partners can pose risks. The Lean
Supply Chain, ranked seventh, prioritizes efficiency and waste reduction, optimizing resource use but
offering limited flexibility. Finally, Decentralized Distribution, ranked eighth, ensures quicker deliveries
through proximity to customers but can lead to higher operational expenses.
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FIGURE 6. Rank

The Figure 6 shows a ranking scores range from 0 to 9, with higher values representing better
performance or preference within the evaluation context. While the Agile Supply Chain achieves the
highest rank, showcasing strong performance across the criteria, the Decentralized Distribution ranks
lowest, indicating it is less favorable in this scenario. The Just-in-Time (JIT) Model also demonstrates
limited suitability for the given requirements.The Hybrid Model and LeanSupply Chain secure moderate
rankings, suggesting a balanced performance, whereas the Outsourced Model and Centralized
Distribution fall within the middle range, indicating they perform adequately but do not excel. Interestingly,
the Vertical Integration Model claims the top rank, signifying its superior suitability for the situation.These
ranking likely highlights the trade-offs among factors such as cost efficiency, delivery speed, flexibility,
and sustainability. Decision-makers can utilize this analysis to determine the most appropriate supply
chain configuration to meet their operational objectives effectively.

CONCLUSION

Supply chain configuration is a critical aspect of business operations that plays a key role in
determining how efficiently a company can meet its customer demands while optimizing its costs,
production processes, and resource utilization. The conclusion on supply chain configuration highlights its
importance, the challenges involved, and the various strategies that businesses can adopt to design and
implement a successful supply chain system. A well-structured supply chain configuration can help
businesses improve their competitive advantage, reduce lead times, enhance product quality, and
ultimately deliver better value to customers.

However, achieving this requires careful consideration of several factors, including the nature of
the products being sold, the market demands, the geographic locations of suppliers and customers, and
the technological tools that can enable better coordination and tracking.In conclusion, an effective supply
chain configuration is built upon understanding the interdependencies within the supply chain and
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optimizing processes to ensure a smooth flow of goods, information, and services from raw material
suppliers to end consumers. Several key elements contribute to supply chain success, such as inventory
management, logistics, transportation, procurement, and information technology systems. By tailoring
these components to the specific needs of the company and its market, businesses can minimize
disruptions, avoid excess inventory, and reduce costs while maintaining high service levels.One of the
primary goals of supply chain configuration is to balance the trade-offs between efficiency and
responsiveness.

Efficiency focuses on reducing costs by streamlining operations, whereas responsiveness
prioritizes the ability to quickly adapt to market changes and customer needs. Businesses must strike the
right balance between these two aspects, as an overemphasis on either can lead to adverse outcomes.
For example, pursuing efficiency at the expense of responsiveness may result in slow reaction times to
shifts in demand or supply disruptions, whereas focusing too much on responsiveness may lead to high
operational costs due to frequent changes in processes and inventory levels.Moreover, the geographic
configuration of the supply chain is another important consideration. Companies must evaluate whether to
source materials and components locally or globally, and whether to centralize or decentralize their
production facilities. Local sourcing can provide benefits such as lower transportation costs, faster
delivery times, and better alignment with regional customer preferences. On the other hand, global
sourcing can allow companies to take advantage of economies of scale, access to specialized materials,
and lower labor costs. However, global supply chains come with their own set of challenges, including
geopolitical risks, currency fluctuations, and the potential for longer lead times.

This requires companies to rethink their distribution networks, inventory management practices,
and order fulfillment strategies. For example, companies may opt for a direct-to-consumer (D2C) model or
invest in regional distribution centers to reduce delivery times. Additionally, the rise of omnichannel
retailing has prompted businesses to integrate their online and offline operations to offer seamless
customer experiences across multiple touchpoints.Sustainability is another growing concern in supply
chain configuration. This includes minimizing waste, reducing carbon emissions, and sourcing materials
responsibly. Companies are adopting greener logistics options, such as using electric vehicles for
transportation or optimizing packaging to reduce material use. Furthermore, supply chain transparency is
becoming a key expectation, with consumers increasingly interested in understanding where and how
their products are made. Companies that can demonstrate a commitment to sustainability not only
improve their brand reputation but also contribute to a more sustainable future. Collaboration is also a
vital component in supply chain configuration.

Businesses are increasingly forming strategic partnerships with suppliers, manufacturers, and
logistics providers to improve the efficiency and effectiveness of their supply chains. By working closely
with partners, companies can share information, optimize production schedules, reduce inventory levels,
and improve overall service delivery. Collaborative supply chains enable better forecasting, demand
planning, and risk management, leading to more streamlined operations and improved customer
satisfaction. Finally, continuous improvement is a hallmark of a well-configured supply chain. Companies
should regularly evaluate their supply chain performance, identify areas for improvement, and implement
changes that can lead to greater efficiency, cost savings, and customer satisfaction. This may involve
adopting new technologies, reengineering processes, or exploring alternative sourcing strategies.
Moreover, businesses must remain flexible and open to change, as supply chain dynamics are constantly
evolving in response to market trends, technological advancements, and external factors.
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Weighted Sum Method (WSM) For Supply Chain Management in the Post-
Pandemic Era

As climate change and other factors exert increasing pressure on supply chains, it becomes
imperative for health systems to foster collaboration with dependable supply partners. The repercussions
of the COVID-19 pandemic have exacerbated existing supply chain challenges on a global scale. Product
shortages, shipping backlogs, and escalating inflation rates are among the prominent issues faced by
health systems worldwide.

Modern supply chains enhance the quality of life by enabling consumers to buy essential goods
at reduced prices. An efficient a streamlined supply chain simplifies the process of delivering products to
the market and, ultimately, to consumers, leading to cost savings and increased accessibility to
necessary items.

Digital Transformation, Reshoring and Near shoring, Sustainability Practices, Agile Supply
Chains, Inventory Management Optimization. Evaluation Preference: Efficiency Improvement (El), Cost
Reduction (CR), Implementation Cost (IC), Time to Implement (TTI).

The results indicate that Inventory Management Optimization achieved the highest rank, while
Reshoring and Near shoring received the lowest rank being attained.

The value of the dataset for Supply Chain Management lies in the Post-Pandemic Era, according
to the Weighted Sum Method (WSM), demonstrates that Inventory Management Optimization achieves
the highest ranking.”

Key words: Digital Transformation, Supply Chain Management, Post-Pandemic Era,
Implementation Cost.
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INTRODUCTION

The current situation emphasizes the necessity for supply chain methods to be not only efficient
but also economically and technologically sustainable. Unlike previous the corona virus outbreak is the
primary cause of supply chain risks and disruptions. to significantly impact global supply chains due to its
human tragedy The study proposes a hypothesis and a framework for examining technology adaptation
to reduce supply chain risks and enhance supply chain resilience. It also discusses new opportunities for
future leaders in business supply chain organizations. This article details ongoing efforts to reboot supply
chains for a post-Covid-19 environment and explores potential trends in supply chain management
(SCM). [1]. Control measures have revolutionized traditional business practices and many other sectors,
driving change and innovation, especially through digital technology. According to a report by McKinsey &
Company (2020), the pandemic has accelerated digitization at both organizational and industrial levels
worldwide. Asia experienced the largest leap, equivalent to a ten-year increase in the average adoption
rate since 2017-19. However, across sectors, digitization levels are relatively lower in consumer
packaged goods, vehicle manufacturing, and assembly. Significant advances have been made in digital
product delivery in healthcare, pharmaceuticals, financial services, and professional services [2]. For
some reasons, recovery can be swift and may often mitigate the negative impacts of shock periods.

This was the case for China, which experienced positive GDP growth in 2020. In a U-shaped
recovery scenario, although the shock persists and there is a certain permanent loss in production, the
economy eventually returns to its original growth path and recovers rapidly. This scenario is currently
seen as a feasible option for economic growth in Europe and America. An L-shaped recovery is the most
severe, indicating significant structural and irreparable damage to the economy, making recovery very
difficult. Fortunately, experts do not consider this to be a likely scenario for post-pandemic economic
growth. [3] New technologies can also play a crucial role in selecting business partners, enhancing a
company's standardization capabilities and enabling better decision-making. Additionally, next-generation
communication Technologies such as the Internet of Things (loT) and Industry 4.0 play a foundational
role in enabling agility in agile delivery, profoundly impacting data collection and sharing within the supply
chain. The implementation of sustainable supply chain management is also crucial in this context. as
carried out by Ru, was framed based on a literature review that classified the practices followed by
organizations and professionals. This framework offers new insights and provides scalable, reactive,
collaborative, and dynamic models to enable sustainable and agile supply chains. [4] For supply chains to
go global, it is crucial The global Indian supply chains entail having customers and suppliers located in
various parts of the world. still have significant potential for growth.

However, they also face risks such as natural disasters, political unrest, currency fluctuations,
terrorist threats, and pandemics like Covid-19. To mitigate these risks, adopting new technologies is
essential to ensure an integrated and resilient supply chain system [5]. Experts across various industries
recognize that 0T and related Technologies such as automation, big data, artificial intelligence, and the
Internet of Things (IoT) play pivotal roles in optimizing supply chain operations. Self-driving cars will
significantly impact global supply chain management. These technologies can be combined to enhance
operational efficiency, gather digital-related data, and optimize supply chains for better visibility, agility,
and customer satisfaction. In most industries, supply chain leaders are leveraging loT technology along
with leverage leverage big data, data analytics, machine learning, and deep learning to optimize various
aspects of the supply chain, including demand forecasting, inventory management, and logistics
optimization. transform supply chains into interconnected platforms capable of creating and enhancing
value [6]. In the past, people often didn't have much time to consider increasing their family size as they
were preoccupied with earning money.

However, the lockdown situation has provided more time for individuals to spend with their
partners, potentially leading to an increase in family size. Current research utilizes fertility rate data,
typically measured as births per woman and denoted as FR in economic modeling, to examine its impact
globally. [7] The proximity of keywords used is close, indicating strong and interconnected relationships.
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When a keyword bubble is larger, it signifies greater usage. Through In In this analysis, three thematic
clusters have emerged and been identified, each distinguished by a different color. Based on this
analysis, the following themes are recognized: Themes are not specified, but they would typically be
listed here based on the content of the analysis. [8] Creating platforms for collaboration is essential to It's
imperative to accordingly. This approach helps foster innovation, encourages collaboration, and ensures
that valuable scientific advancements receive the support they need to thrive [9] The COVID-19 pandemic
has changed the landscape of various aspects of life, including. current competitive landscape, fostering
cooperation among major political and economic powers worldwide. With tensions escalating between the
US and China since the pandemic's onset, the EU has emerged as a crucial cooperative partner for
China to address various concerns and challenges, including the rise of protectionism and the
complexities of globalization impacting economic recovery and growth. Wang and Li (2020) conducted a
review of The negotiations concerning the Comprehensive Agreement on Investment (CAl) between the
European Union and China., assessing its potential impact in the post-pandemic period. [10]

MATERIALS AND METHODS

The approach utilizes prior DM preference information to generate solutions, significantly
reducing computational time. making it advantageous in extensive correlation areas. Previous research
has primarily focused on solutions derived from preference relations and iterative multi-objective
optimization. The most complex aspect involves filtering high are assigned by an expert panel for both
factor weights and subjective factor values in robot selection. This model eliminates values with a high
degree of disparity in expertise, aiming to mitigate potential distortion. A numerical example is provided to
illustrate the concept. impact of value removal on rank changes compared to a model without removal.
[21].

Step 1.: Designing the Decision Matrix and Weight Matrix

In this step, we lay the foundation for our decision-making process by designing a decision matrix
and a weight matrix.

Decision Matrix: The decision matrix lists all the alternatives (options or choices) under
consideration and the criteria against which they will be evaluated. Each alternative's performance
against each criterion is scored, resulting in a matrix of scores. Weight Matrix: The weight matrix assigns
decision maker’s preferences or priorities and is used to calculate an overall score for each alternative.
Both matrices are essential for systematically evaluating and comparing alternatives based on multiple
criteria, facilitating informed decision-making.  The weight vector may be expressed as,

where Z?=1(W1 cowy) =1

Step 1. Normalization of DM

Step 2. Weighted normalized Decision Matrix Ranking of alternatives Where, This means that the
alternative with the highest calculated score according to the Weighted Sum Method (WSM) will
be given the highest rank, indicating it as the most preferable option among the alternatives
being considered.

Strengths

The Weighted Sum Method (WSM) boasts several notable strengths that enhance its
effectiveness in addressing multi-criteria problems. Firstly, it offers a clear and structured framework for
analysis, providing decision-makers with a systematic approach to evaluating alternatives across various
criteria. This clarity simplifies the decision-making process, allowing for more informed and strategic
decisions. Moreover, WSM's simplicity and ease of use make it accessible to a wide range of users,

104



www.sciforce.org

including those without specialized expertise in decision theory or optimization techniques. Its
straightforward methodology reduces the learning curve, enabling decision-makers to quickly grasp and
apply the technique to their decision-making scenarios. Additionally, WSM enables the depiction of
prioritized criteria and the computation process, enhancing transparency and understand ability in
decision-making. By assigning weights to criteria and aggregating scores, decision-makers can easily
visualize how each criterion contributes to the overall evaluation of alternatives, facilitating more
transparent and defensible decisions. Overall, WSM's strengths lie in its clear framework, simplicity, and
transparency, making it a valuable tool for addressing complex decision-making challenges across
various industries and domains.

Weakness

Indeed, a notable drawback of various Multiple Criteria Decision Making (MCDM) methodologies,
such as the Weighted Sum Method (WSM), is the subjective nature of weight assignment. Weight
assignment heavily relies on the decision maker's judgment, demanding a high level of precision.
However, achieving accurate weight assignments can be challenging due to the complexity of the
problem and its context. Additionally, the assumption of additivity in WSM, where attributes must differ
from each other, may not always hold true in real-world scenarios. Criteria may exhibit interdependencies
or non-additive relationships, leading to potential inaccuracies in the weight summation process. These
limitations underscore the importance of careful consideration and sensitivity analysis when assigning
weights in MCDM techniques. Furthermore, exploring alternative approaches that can accommodate the
complexities and uncertainties inherent in decision-making processes is crucial for enhancing the
effectiveness of MCDM methodologies.

ANALYSIS AND DISSECTION

TABLE 1. Supply Chain Management in the Post-Pandemic Era in Data Set

Efficiency Cost

Improvement | Reduction Implementation | Time to

(ED (CR): Cost (IC) Implement (TTI)
Digital Transformation 8.50 7.00 9.00 7.00
Reshoring and Nearshoring 7.00 6.50 8.00 8.00
Sustainability Practices 7.50 7.00 7.50 6.50
Agile Supply Chains 8.00 7.50 8.50 7.50
Inventory Management
Optimization 7.50 8.00 7.00 7.00

Table 1 The Efficiency Improvement (El), Cost Reduction (CR), Implementation Cost (IC), and
Time to Implement (TTI) scores provided for each criterion offer insights into the potential benefits and
challenges associated with implementing different strategies in a decision-making context. Digital
Transformation stands out with high scores across all categories, indicating its potential to significantly
improve efficiency and reduce costs while requiring relatively higher implementation costs and time.
Reshoring and Nearshoring show relatively lower scores in Efficiency Improvement and Cost Reduction
compared to Digital Transformation, suggesting a potentially lesser impact on these aspects.

However, they also have lower Implementation Cost and Time to Implement scores, indicating
quicker and more cost-effective implementation. Sustainability Practices demonstrate moderate scores in
all categories, indicating a balanced approach with moderate efficiency improvement and cost reduction
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potential, along with moderate implementation costs and time. Agile Supply Chains exhibit promising
scores, particularly in Efficiency Improvement and Cost Reduction, suggesting significant benefits.
However, they also require higher Implementation Costs and Time to Implement. Inventory Management
Optimization shows consistent and balanced scores across all categories, indicating a moderate yet
steady improvement in efficiency, cost reduction, implementation cost, and time. Overall, these scores
provide valuable insights into the trade-offs and considerations associated with each criterion, aiding
decision-makers in selecting the most suitable strategy based on their specific requirements and
constraints.

Supply Chain Management in the Post-Pandemic
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FIGURE 1.Supply Chain Management in the Post-Pandemic Era

Figure 1 shows the graphical representation Supply Chain Management in the Post-Pandemic
Era Data Set value of Alternative: Digital Transformation, Reshoring and Nearshoring, Sustainability
Practices, Agile Supply Chains, Inventory Management Optimization. Evaluation Preference: Efficiency
Improvement (El), Cost Reduction (CR), Implementation Cost (IC), Time to Implement (TTI).

TABLE 2.Supply Chain Management in the Post-Pandemic Era in Normalized Data

Normalized

1 0.875 0.77778 0.928571
0.8235 0.8125 0.875 0.8125
0.88235 0.87500 0.93333 1.00000
0.94118 0.93750 0.82353 0.86667
0.88235 1.00000 1.00000 0.92857

Table 2 the normalized matrix provided offers a standardized representation of the data,
facilitating comparisons across different criteria and alternatives. Each value in the matrix represents the
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relative magnitude of a specific criterion for a given alternative, scaled between 0 and 1. For example, in
the first row, the highest value of 0.928571 corresponds to the Inventory Management Optimization
criterion, indicating that this criterion holds the highest relative importance for the first alternative.
Similarly, in the second row, the highest value of 0.875 corresponds to the Sustainability Practices
criterion for the second alternative. The normalized values allow decision-makers to objectively assess
the relative importance of each criterion for each alternative, regardless of the original scale of
measurement. This aids in identifying patterns, trends, and priorities in the decision-making process.
Overall, the normalized matrix serves as a valuable tool for analyzing and comparing alternatives based
on multiple criteria, enabling more informed and objective decision-making processes.

TABLE 3. Supply Chain Management in the Post-Pandemic Era in Weight age

Weight
0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25

Table 3 The weight matrix provided represents an equal distribution of importance among the
criteria for decision-making. Each row corresponds to a specific criterion, while each column represents
an alternative. The values in the matrix indicate that all criteria are assigned equal weight, with each
criterion accounting for 25% of the decision-making process. This uniform distribution implies that no
single criterion is considered more important than another. Instead, decision-makers treat each criterion
with equal significance when evaluating alternatives.

This approach may be suitable for situations where all criteria are deemed equally essential or
when there is a lack of clear prioritization among them. By employing this weight matrix, decision-makers
can ensure fairness and impartiality in their decision-making process, as no criterion receives preferential
treatment over others. However, it's essential to recognize that this approach may not always capture the
true complexities or nuances of decision-making scenarios, where certain criteria may inherently carry
more weight or importance than others.

TABLE 4. Supply Chain Management in the Post-Pandemic Era in a Weighted Normalized
Decision Matrix

Weighted normalized decision matrix
0.25000 0.21875 0.19444 0.23214
0.20588 0.20313 0.21875 0.20313
0.22059 0.21875 0.23333 0.25000
0.23529 0.23438 0.20588 0.21667
0.22059 0.25000 0.25000 0.23214
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The weighted normalized decision matrix presented above represents the relative importance of
various criteria in a decision-making process. Each row corresponds to a different alternative, while each
column represents a specific criterion. The values in the matrix indicate the normalized weights assigned
to each criterion for each alternative, with higher values indicating greater importance. In this matrix, the
first criterion holds the highest weight across all alternatives, followed by the third, fourth, and second
criteria, respectively. This suggests that the first criterion is the most critical factor in the decision-making
process, while the second criterion holds the least importance. The matrix provides a structured
framework for evaluating alternatives based on multiple criteria, enabling decision-makers to
systematically assess and prioritize options. By considering the weighted importance of each criterion,
organizations can make informed decisions that align with their objectives and preferences, ultimately
leading to more effective and strategic outcomes.

TABLE 5.Supply Chain Management in the Post-Pandemic Era in Preference Score

Preference Score

Digital Transformation 0.89534
Reshoring and Nearshoring 0.83088
Sustainability Practices 0.92267
Agile Supply Chains 0.89222
Inventory Management Optimization 0.95273

TABLE 5 The preference scores provided represent the relative importance or desirability of each
criterion in a decision-making context. Higher preference scores indicate greater favorability or priority
assigned to a particular criterion. In this case, Inventory Management Optimization has the highest
preference score of 0.95273, indicating that it is perceived as the most important criterion among the
options considered. This suggests a strong preference for optimizing inventory management practices to
enhance supply chain efficiency and resilience.

Following closely behind is Sustainability Practices with a preference score of 0.92267, indicating
a significant emphasis on integrating sustainable practices into supply chain operations. This reflects a
growing recognition of the importance of environmental and social responsibility in business decision-
making. Agile Supply Chains and Digital Transformation also have relatively high preference scores of
0.89222 and 0.89534, respectively, highlighting the importance of agility and digitalization in responding
to evolving market dynamics and disruptions. Finally, Reshoring and Nearshoring have the lowest
preference score of 0.83088, suggesting a relatively lower priority assigned to this criterion compared to
others. This may indicate a lesser emphasis on reshoring or nearshoring activities in the decision-making
process, perhaps due to considerations such as cost-effectiveness or logistical challenges.
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FIGURE 2.Supply Chain Management in the Post-Pandemic Era in Preference Score

Figure 2 shows the In the context of Supply Chain Management in the Post-Pandemic Era, the
Preference Score values offer insights into the relative importance of different strategies for navigating the
challenges and opportunities presented by the global crisis. Among the strategies considered, Inventory
Management Optimization emerges with the highest Preference Score value of 0.95273, indicating its
paramount significance in effectively managing supply chain operations amidst disruptions. Sustainability
Practices closely follow with a Preference Score value of 0.92267, underscoring the growing emphasis on
environmental and social responsibility within supply chain management.

Digital Transformation and Agile Supply Chains also demonstrate high Preference Score values
of 0.89534 and 0.89222, respectively, highlighting the importance of leveraging technology and fostering
agility in responding to evolving market dynamics. Reshoring and Near shoring, while still relevant, have a
comparatively lower Preference Score value of 0.83088, suggesting a lesser priority assigned to these
strategies in the post-pandemic supply chain landscape. Overall, these Preference Score values provide
valuable insights for decision-makers, guiding them in prioritizing and allocating resources effectively to
enhance supply chain resilience an

TABLE 6. Supply Chain Management in the Post-Pandemic Era in Rank

Rank

Digital Transformation

Reshoring and Nearshoring

Sustainability Practices

AN O] W

Agile Supply Chains

Inventory Management Optimization 1
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Table 6 presents the rankings of various supply In the post-pandemic era, supply chain
management strategies have become paramount for businesses to navigate challenges effectively.
Inventory Management Optimization emerges as the top-ranked strategy, underscoring its critical role in
adapting to fluctuating demand while minimizing costs and disruptions. By optimizing inventory levels,
businesses can ensure a steady supply of goods to meet evolving market needs. Following closely
behind is Sustainability Practices, reflecting the growing emphasis on environmental and social
responsibility within supply chain operations. Integrating sustainable practices not only aligns with ethical
considerations but also enhances brand reputation and resilience in the face of future crises. Digital
Transformation ranks high, emphasizing the importance of leveraging technology to enhance supply
chain visibility and agility. By embracing digital solutions, businesses can streamline processes, improve
decision-making, and adapt quickly to changing market dynamics.

Agile Supply Chains also feature prominently, highlighting the need for flexibility and
responsiveness in supply chain operations. By fostering collaboration and innovation, businesses can
build resilient supply chains capable of adapting to unforeseen disruptions. Overall, these rankings
underscore the need for businesses to prioritize strategic investments in inventory management,
sustainability, digitalization, and agility to thrive in the post-pandemic landscape. behind is Sustainability
Practices, ranked second. This underscores the growing emphasis on environmental and social
sustainability within supply chains, reflecting the shift towards responsible business practices and ethical
sourcing. Ranked third is Digital Transformation, highlighting the significance of leveraging technology to
enhance supply chain visibility, agility, and efficiency.

This involves the adoption of digital tools such as 10T, Al, and data analytics to streamline
operations and improve decision-making processes. In fourth place is Agile Supply Chains, emphasizing
the importance of flexibility and responsiveness in adapting to rapidly changing market conditions and
disruptions. This strategy involves the implementation of agile methodologies and collaborative
partnerships to enhance supply chain resilience and adaptability. Lastly, Reshoring and Nearshoring are
ranked fifth, suggesting a lower priority given to the relocation of production and sourcing activities closer
to home markets. While reshoring and nearshoring can mitigate risks associated with global supply
chains, they may not always be feasible or cost-effective options. Overall, the rankings in Table 6
highlight the diverse approaches and priorities in supply chain management post-pandemic, with an
emphasis on optimization, sustainability, digitalization, agility, and strategic sourcing decisions.

Rank

=4 Seriesl

—— Seriesl,
Reshoring and
Nearshoring, 5

== Seriesl, Agile
Supply Chains, 4

Series1, Digital
Transformation,

Series],

3 Sustainability Series],
Practices, 2 ventory
Management
Optimization, 1
Digital Reshoring and Sustainability Agile Supply Inventory
Transformation Nearshoring Practices Chains Management

Optimization

FIGURE 3.Supply Chain Management in the Post-Pandemic Era in Rank
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This Figure 3 The ranking depicted in the analysis highlights Inventory Management Optimization
as the top-ranked strategy, indicating its paramount importance in effectively managing supply chains,
particularly in response to the challenges posed by the COVID-19 pandemic. This strategy focuses on
optimizing inventory levels to meet fluctuating demand while minimizing costs and disruptions, thus
enhancing overall supply chain performance. On the other hand, Reshoring and Nearshoring have
received the lowest rank, suggesting a lesser emphasis or priority placed on these strategies in the post-
pandemic era. While reshoring and nearshoring may offer certain benefits such as reduced supply chain
risks and improved supply chain resilience, they may not always be the most viable or cost-effective
options, particularly in the context of global supply chains. Overall, the rankings serve as a valuable tool
for decision-makers, guiding them in identifying and prioritizing strategies that are most critical for
ensuring supply chain resilience, efficiency, and competitiveness in the post-pandemic landscape.

CONCLUSION

Considering The Internet of Things (IoT) plays a pivotal role in generating vast amounts of data
and facilitating the seamless flow of information within the supply chain. By leveraging IoT devices and
sensors embedded in various assets, equipment, and infrastructure, organizations can collect real-time
data on inventory levels, production processes, transportation routes, and more. This abundance of data
enables organizations to gain deeper insights into their operations, optimize processes, and make
informed decisions to enhance efficiency and productivity throughout the supply chain. abundance of
data, often referred to as big data, provides valuable insights into every stage of the supply chain,
enabling organizations to make data-driven decisions, optimize processes, and improve overall efficiency.
operations, and enhance overall efficiency. From predictive maintenance to demand forecasting, 10T-
generated data empowers organizations to proactively identify opportunities and mitigate risks, leading to
improved performance and competitiveness.

Moreover, the high flow of information facilitated by IoT technologies enables greater visibility and
transparency across the supply chain network. With real-time access to critical data and analytics,
stakeholders can collaborate more effectively, streamline communication, and respond promptly to
changing market dynamics or customer needs. In essence, the integration of 10T into the supply chain
aims to provide a framework for an agile and responsive ecosystem. By harnessing the power of 10T-
generated big data, organizations can create dynamic and adaptable supply chain networks capable of
quickly adapting to disruptions, optimizing resource utilization, and delivering value to customers in a
rapidly evolving business landscape. based on IoT. This framework attempts to intelligently identify the
organization's agility needs and address them.

As a result, it improves the company's competitiveness, increases customer satisfaction and
expands the company's market share. Organizations need to restart operations with a renewed pace of
change, reconfiguring their processes to accelerate evolution in response to the crisis. It's crucial to
address identify the key factors related to an agile supply chain and understand the relationships between
these factors. Given the high flow of information in this chain, generating big data becomes crucial as it
plays a vital role in enhancing agility. Therefore, this study aims to develop a framework for an agile
supply chain based on the Internet of Things, recognizing the significance of data in improving agility
within the supply chain. Supply chain disruptions, global health crises, shutdowns of manufacturing
activities, and congestion at ports have all had adverse effects on the economy at large. In such
situations, global policies need to be implemented to address issues like vulnerable employment and
inflation. One proposed measure is the provision of interest-free loans as an easy credit facility to assist
individuals in improving their economic conditions, thereby contributing to the country's GDP growth.
Pandemics and other disaster tragedies consistently lead to supply chain disruptions, significantly
impacting. It provides valuable insights for all stakeholders in the industry.
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A Quantitative Approach to Supply Chain Optimism in the Lives of WPM
Technology

In its pre-eminence, the Internet was still in its infancy and largely limited to government, military,
and educational use. However, even at this early stage—the 1970s and 1980s were beginning to
influence the evolution of supply chain management. At the time, SCM was primarily manual and paper-
based, relying heavily on physical contact, phone calls, and postal services to manage purchasing,
inventory, and logistics. The introduction (EDI) and the early network infrastructure of ARPANET allowed
for limited but impactful digital communication between businesses. These early systems enabled the
structured exchange of documents such as invoices, shipping notices, and purchase orders, which
significantly reduced delays and errors. Although the full potential of Internet-enabled SCM has yet to be
realized, this stage marked the beginning of a shift toward automation and integration. Companies began
to see the benefits of connecting suppliers, manufacturers, and distributors through digital means, paving
the way for future innovations. The Internet, long before its emergence, played a key role in laying the
conceptual and technological foundations for what would later become real-time, global supply chain
networks. Understanding this early influence helps explain how digital foundational communication
technologies transformed traditional supply chains into modern, interconnected systems of operation.

Research Significance: In the pre-Internet era, research methods in supply chain management
focused primarily on traditional, manual systems, but gradually began to incorporate digital innovations. In
the 1970s and 1980s, with the emergence of early communications networks such as ARPANET,
researchers and practitioners began to explore how electronic systems could improve supply chain
operations. The methods used during this period were largely exploration and qualitative, relying on case
studies, interviews, and observational research within industries that tested electronic data interchange
(EDI) and basic computerized inventory systems. Researchers examined the impact of early data-sharing
technologies on purchasing, order processing, and logistics coordination Supply chain management
(SCM) is a strategic process that consumers. It encompasses a variety of functions, including purchasing,
manufacturing, inventory control, logistics, and customer service.

Key words: Supply chain management (SCM) is a strategic process that manages the
movement of goods, information, and finance from raw material suppliers to the end consumer.
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INTRODUCTION

The concept of a supply chain has been around for as long as goods have been traded, playing a
key role in moving goods from their origin to the consumer. Historically, only a few universities offered
specialized courses in supply chain management, often covering related topics under logistics or
operations management.[4] This paper is uniquely structured to suit the nature of the study, which
focuses on a literature review. Rather than including a traditional section explicitly titled “Literature
Review,” this paper begins by describing the content analysis methodology used throughout the research
process.[5] The complexity of modern manufacturing continues to grow, driven by the integration of
advanced technologies and increasingly complex manufacturing processes and operations. This
heightened complexity makes it challenging to accurately model and predict outcomes, requiring highly
sophisticated and adaptive management strategies.[6] Weighting methods used in decision-making can
generally be classified into two main types: direct criterion weighting methods and indirect criterion
weighting methods. Direct methods involve assigning weights to criteria based on explicit assessments,
such as rank-weighting, rating, scaling, or point-allocation procedures [7]

In recent years, supplier selection has become a major focus in supply chain management
research. Companies are increasingly realizing that selecting the right suppliers is critical to improving
overall financial performance. [8The study and practice of focuses on improving the overall value of a
company by optimizing the use and allocation of resources throughout the organization. [9n today's fast-
paced and interconnected marketplace, supply chain central priority for businesses striving to maintain
competitiveness.[10] Supply chain management (SCM) is a critical and fundamental aspect of modern
business strategy. It is widely recognized as essential for organizations aiming to remain competitive in
the face of increasing demand and changing markets [1-4]. Through effective SCM practices,
organizations can provide products that are not only reliable and of high quality, but also flexible in
meeting diverse customer needs and cost-effective in production and distribution.[11] network.

The primary goal of SCM is to create added value for customers and other stakeholders by
improving A This integration ensures the seamless flow of products, services, and information throughout
the entire supply chain efficiency, improving responsiveness, and fostering collaboration among all parties
involved.[12] Industrial production can significantly affect well-being. One of the primary concerns is the
depletion of natural resources, where raw materials such as water, minerals, and fossil fuels are being
consumed faster than they can be replenished [13] Green supply chain management (GSCM)
procurement to distribution.[14]A supply chain consists of a complex sequence of interconnected
processing stages, from the sourcing final (Wu & Olson, 2008).[15]

To effectively manage operations, companies must first look at the supply chain as a whole - an
interconnected system that includes all links in the flow of products, services and information.[16]Supply
chain and supply chain management have become increasingly important in improving organizational
performance and competitiveness, attracting considerable interest review of the academic literature
shows a significant surge in theoretical and practical research focused on understanding and improving
the supply chain (SC) (SCM).[17] Accordingly, the overall goal of our paper is to identify key areas of
intellectual exchange between strategic management and supply chain management (SCM). The two
disciplines, although different in focus, share common objectives such as improving organizational
performance, achieving competitive advantage, and ensuring long-term sustainability [18] This review
paper begins with (GSCM), which provides a basic understanding of its development, principles, and
current practices.

This is followed by a brief review of commonly used methodologies in GSCM research,
highlighting the analytical tools and approaches used in the field.[19] Green supply chain management
(GSCM) encompasses a variety of practices aimed at reducing the environmental impact elements of
GSCM include suppliers, implementing sustainable pricing and purchasing strategies, managing the flow
of incoming and outgoing goods in an eco-efficient manner, and carefully planning the balance between
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resource supply and demand within production scam [20] Supply chain management (SCM) has been
extensively studied through the conceptual frameworks of various academic disciplines, reflecting its
multidisciplinary nature. Fields such as marketing, operations management, logistics, and strategic
management have all contributed to shaping the theoretical and practical understanding of SCM.[21] To
maintain a competitive position in the global market, companies must adopt strategies that help them
achieve short lead times, low costs, and high product quality.

In this context, suppliers play a key role in improving organizational competitiveness, making the
supplier selection process a key strategic decision (Jadid et al., 2010). Choosing the right suppliers can
significantly affect a company’s efficiency, flexibility, and ability to respond to market demands.[22]. It
goes beyond managing logistics and inventory; it encompasses the strategic, manufacturing, and
distribution [23] pertains management, on optimizing processes, improving efficiency, and reducing waste
throughout the supply chain. Each department brings unique insights into how supply chains can be
designed, managed, and evaluated to improve performance [24]multi-criteria decision making (MCDM)
designed to evaluate and select the best option from a variety of alternatives, considering multiple, often
conflicting, criteria.[25].

MATERIALS AND METHOD

Multi-criteria decision making (MCDM) is a method widely used in various fields, including
science, engineering, business, government management, industrial processes, and commerce. [1]
Bilateral supply chain negotiation, which involves discussions to determine the selling price of a product
or is a common practice in many industries. This type of negotiation allows both parties to reach mutually
beneficial agreements on pricing, terms, and delivery conditions. When a seller interacts with multiple
buyers, it often engages in what is called simultaneous negotiation.[2]This research makes a valuable
contribution by innovatively combining the best-worst method (BWM) (CoCos) method to effectively rank
the barriers to implementing [3]

In a circular supply chain (CSC), products and materials are continuously reused,
remanufactured, and recycled, creating a sustainable and regenerative system that reduces waste and
increases resource efficiency. Unlike traditional linear supply chains that follow a ‘take and throw’ model,
CSCs emphasize closing the loop by keeping resources in use for as long as possible.[4] Supply chain
(SC) is increasingly playing a significant role globally, emerging as a critical area of study and practice
over the decades. Its importance has attracted the attention of numerous academics and researchers
who seek to understand and improve how goods, services, and information move from suppliers to end
customers.

The growing complexity of markets, globalization, and technological advances have all
contributed to the focus on supply chain management as a key driver of organizational performance and
competitive advantage.[5] In recent years, globalization and intense economic competition have
significantly elevated the role of procurement management as a key component of supply chain
management (SCM) performance. [6] Many researchers have acknowledged them and have paid
increasing attention to risk management in the context of agricultural supply chains (ASCs). For example,
Yan et al. (2015) explored strategies of fresh agricultural produce (FAP) supply chains, emphasizing the
need to address risks related to perish ability, quality control, and demand fluctuations [7]

Supply Chain Management (SCM) refers to the integrated methods and practices designed to
integrate all the key players involved in the production and distribution process, including suppliers,
manufacturers, warehouses, and stores.[8]In today's competitive business environment, companies are
using to gain a strategic advantage over their competitors. Within supply chain management,
procurement stands out as a critical function that offers businesses significant opportunities for cost
reduction and profit improvement. By effectively managing procurement processes such as supplier
selection, negotiation, and purchasing, companies can reduce their input costs while ensuring quality and
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on-time delivery.[9] The technological advancements brought about by Industry 4.0 have transformed
consumer behavior, allowing people to easily buy anything, anytime, anywhere.[10]

RESULT AND DISCUSSION

TABLE 1.supply chain management

DATA SET
Technology | Urgency of Policy Completeness
Maturity Need Feasibility of Standard
synergism design platform 6.00 6.00 4.00 4.00
building information modeling
platform 4.00 4.00 5.00 2.00
digital entrustment platform 3.00 5.00 5.00 3.00
real-name registration system for
labor 4.00 4.00 6.00 3.00
supply procurement platform 5.00 7.00 7.00 5.00

Table 1 provides an assessment of three supply chain management platforms, Synergism
Design, Building Information Modeling (BIM), and Digital Handover, based on four criteria: technical
maturity, urgency of need, policy feasibility, and completeness of standardization. The Synergism Design
platform scores the highest on both technical maturity (6.00) and urgency of need (6.00), indicating that it
is a highly developed and urgently needed solution. However, its moderate scores on policy feasibility
(4.00) and completeness of standardization (4.00) indicate that although it is technologically advanced, it
may face regulatory or implementation barriers. The BIM platform shows a more balanced performance
with moderate technical maturity (4.00) and urgency of need (4.00). Interestingly, it scores high in policy
feasibility (5.00) but very low in completeness of the standard (2.00), revealing a gap in unified guidelines
that could hinder its widespread adoption. The Digital Trust platform scores very low in technology
maturity (3.00) but shows relatively high scores in urgency (5.00) and policy feasibility (5.00), indicating
growing interest and regulatory readiness, although further technical refinement is needed. In short, while
each platform has potential, it is essential to align policy and standards development with technological
advancements to enhance their role in supply chain management.

supply chain management

8
6
4
0
DATA SET
[ | M synergism design platform

building information modeling platform ® digital entrustment platform

M real-name registration system for labor M supply procurement platform

FIGURE 1. supply chain management

The bar chart titled “Supply Chain Management” compares five different platforms—the
Synergism Design Platform, the Building Information Modeling Platform, the Digital Handover Platform,
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the Real-Name Registration System for Workers, and the Supply Chain Procurement Platform—on four
key performance indicators. These indicators appear to reflect various factors such as technological
maturity, urgency of need, policy feasibility, and completeness of standards, although the chart does not
explicitly specify axes.

TABLEZ2. performance value

Performance value
synergism design platform 1.00000 | 0.85714 | 1.00000 | 0.50000
building information modeling platform 0.66667 | 0.57143 | 0.80000 | 1.00000
digital entrustment platform 0.50000 | 0.71429 | 0.80000 | 0.66667
real-name registration system for labor 0.66667 | 0.57143 | 0.66667 | 0.66667
supply procurement platform 0.83333 | 1.00000 | 0.57143 | 0.40000

TABLE 2 The data presents performance values for five different platforms in supply chain
management, highlighting their relative strengths and weaknesses. The Synergism Design Platform
scores highly overall, with perfect or nearly perfect values in several categories (1.0, 0.857, 1.0),
indicating that it excels in integration and coordination functions, although its low score (0.5) indicates
some limitations in specific aspects such as flexibility or user adoption. The Building Information Modeling
Platform shows moderate to strong performance, with standard values ranging from 0.57 to 1.0, reflecting
its balanced ability to manage physical and digital project data that is critical to construction-related
supply chains.

TABLE 3. weight

Weight
synergism design platform 0.25 | 0.25 | 0.25 | 0.25
building information modeling platform 0.25 | 0.25 | 0.25 | 0.25
digital entrustment platform 0.25 | 0.25 | 0.25 | 0.25
real-name registration system for labor 0.25 | 0.25 | 0.25 | 0.25
supply procurement platform 0.25 | 0.25 | 0.25 | 0.25

TABLE 3 The weighting table shows that each platform within the supply chain management
framework is assigned equal importance across the four assessed criteria, with a uniform weight of 0.25.
This equal weighting represents a balanced approach to performance evaluation, where no single
platform or criterion is prioritized over the others. By distributing weights equally across the Synergism
Design Platform, Building Information Modeling Platform, Digital Entrustment Platform, Labor Real Name
Registration System, and Supply Procurement Platform, the analysis emphasizes a holistic view of supply
chain management.

TABLE 4. weighted normalized decision matrix

Weighted normalized decision matrix
synergism design platform 1.00000 0.96220 1.00000 0.84090
building information
modeling platform 0.90360 0.86944 0.94574 1.00000
digital entrustment platform 0.84090 0.91932 0.94574 0.90360
real-name registration

system for labor 0.90360 0.86944 0.90360 0.90360
supply procurement
platform 0.95544 1.00000 0.86944 0.79527
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TABLE 4 supply chain management platforms provide a refined comparison after applying equal
weights and normalization to the performance data. The Synergism design platform leads with high
scores, excelling particularly in the first and third criteria (both at 1.0) and maintaining a strong overall
presence in other areas with values close to 0.96 and 0.84. This indicates that it is highly effective and
well-balanced across multiple supply chain functions. The building information modeling platform
demonstrates strong performance, scoring nearly perfect on the fourth criterion (1.0) and showing
consistent strength on other metrics, indicating its key role in managing complex project data and
integration.

TABLE 5. preference score

Preference Score
synergism design platform 0.80911
building information modeling platform 0.74300
digital entrustment platform 0.66063
real-name registration system for labor 0.64146
supply procurement platform 0.66063

TABLE 5 The preference scores in providing a clear ranking of the five supply chain management
platforms based on their overall rated performance. The Synergism Design Platform ranks highest with a
score of 0.80911, indicating that it is the most preferred solution due to its strong performance across all
weighted criteria. This indicates that its capabilities in integrating processes and fostering collaboration
are critical to improving supply chain performance. The Building Information Modeling Platform follows
with a respectable score of 0.74300, reflecting its importance in managing digital construction data and
supporting decision-making within the supply chain.

TABLEG6.Rank

Rank
synergism design platform
building information modeling platform
digital entrustment platform
real-name registration system for labor
supply procurement platform

WA W[N |-

Table 6 provides the final rankings of supply chain management platforms based on their overall
preference scores and performance ratings. The Synergism Design Platform ranks first, reflecting its
superior integration capabilities and strong performance across all assessed criteria. This leadership
position underscores its key role in improving collaboration and efficiency within supply chains. Following
closely behind, the Building Information Modeling Platform ranks second, highlighting its importance in
managing complex project data and supporting effective decision-making processes, particularly in
construction-related supply chains.
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FIGURE 2. Rank

Based on a bar chart titled "RANK?", five components related to supply chain management (SCM)
are ranked according to their importance or effectiveness. The categories include synergy design,
building information, digital handover, real-name registration, and supply procurement. Each component
is assigned a rank from 1 to 5, where a higher value indicates greater importance or effectiveness in the
SCM context.

CONCLUSION

Supply chain management (SCM) is the integration and coordination of all activities involved in
raw material recrement, production, and logistics to ensure the efficient and cost-effective delivery of
products or services to the end customer. It involves seamless management of the flow of goods,
information, and funds throughout the entire supply chain - from suppliers to manufacturers, and
ultimately to consumers. Over time, SCM has evolved from manual, localized systems to global,
technology-driven networks. Productivity improvement, cost reduction and increased customer
satisfaction.
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Quantifying Supply Chain Management Challenges Weighted Normalized
Decision Matrix Approach Using COPRAS

This study explores the primary obstacles that impede the effective implementation of supply
chain management (SCM) in modern industrial settings. While SCM was once primarily associated with
logistics, its current definition encompasses a broader scope, integrating the flow of materials,
information, and finances from suppliers to end consumers. Despite its recognized advantages,
organizations still encounter substantial difficulties in adopting and enhancing SCM strategies. The
analysis focuses on five critical barriers: genetic algorithms, evolutionary algorithms, green supply chain
networks, multi-objective programming, and performance evaluation. Genetic algorithms emerged as the
most significant challenge (ranked first), highlighting the complexity of applying nature-inspired
optimization techniques within supply chains. Evolutionary algorithms followed in second place, reflecting
the challenges of developing adaptive, iterative solutions. Multi-objective programming was ranked third,
demonstrating the difficulty of simultaneously addressing competing organizational goals. Green supply
chain networks came in fourth, pointing to the moderate difficulties in aligning environmental sustainability
with operational goals. Performance evaluation ranked lowest, suggesting it presents the least resistance
among the examined issues.

These findings highlight the distinct shift from traditional to modern SCM paradigms, which now
demand the integration of sophisticated technologies, sustainable practices, and complex optimization
models. The fragmented structure of supply chains and the difficulty of integrating advanced technologies
pose notable challenges to achieving the full benefits of SCM. For industry professionals and
policymakers, these results emphasize the importance of directing resources toward overcoming
algorithmic and optimization-related barriers. Future studies should investigate concrete methods for
addressing these challenges, with particular attention to streamlined implementation, system integration,
and workforce training to strengthen organizational capabilities in advanced optimization.

Keywords: Supply chain management, COPRAS method, genetic algorithms, evolutionary
algorithms, multi-objective programming, green supply chain, performance evaluation.
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INTRODUCTION

A few years ago, supply chain management (SCM) was largely equated with logistics. However,
logistics represents just one crucial component in the broader scope of developing an effective SCM
strategy. Today’s SCM challenges highlight the vital connections between manufacturers, distributors,
and customers. SCM encompasses the coordination of materials, information, and financial consumer. [1]
The features and limitations of wireless technologies also impact the effectiveness of SCM, particularly in
achieving competitive advantage, managing relationships, and ensuring integration and coordination. In
essence, gaining a competitive edge requires that mobile supply chain processes and relationships be
effectively managed, aligned, and coordinated across all operations. [2] The body of research on
healthcare supply chain management highlights a complex field marked by significant challenges
connections performance. [3]

These practices generally fall into two main paradigms: a compliance-based model that
emphasizes oversight and regulation by central authorities, and a collaboration-based model that
promotes networks of diverse stakeholders who mutually monitor one another and leverage
complementary skills to address supply chain management challenges more effectively.[4] This study
examines the influence of reverse logistics on supply chain management (SCM) and the forthcoming
challenges associated with material recovery. It emphasizes the extraction of economic value through
activities such as reuse, recycling, and remanufacturing. For the scope of this research, the terms "end-
of-use" (Eon) and "end-of-life" are considered interchangeable. [5] This paper underscores the
detrimental effects of unresolved integration and supply chain management (SCM) challenges, as these
compatibility issues can lead to implementation difficulties and significant resistance.[6] Supply chain
management must incorporate specialized topics, while CSR or corporate responsibility also needs to
expand into emerging areas. These unresolved issues are inherently multidisciplinary, presenting
significant and complex challenges. [7] The primary goal of this paper is to examine the current state of
the supply chain, the understanding of supply chain management (SCM) concepts, and the challenges
faced by Tanzania’s food processing industry.

This analysis aims to provide foundational insights that will aid in designing supply chain
strategies that are relevant to the country’s ongoing global challenges. [8] The paper "Supply Chain
Management: Theory, Practice, and Future Challenges" highlights key barriers and opportunities,
concluding that the field is still evolving, both in theoretical and practical aspects.[9] This paper seeks to
identify the technological challenges within supply chains, particularly concerning their application in
supply chain management (SCM).[10] Given the vast amount of data generated, it is crucial to ensure the
overall system's performance and minimize latency in each transaction to enhance the user experience.
The next section provides a literature review on SCM practices and challenges across various industries,
highlighting research gaps and the contributions this study seeks to make. [11] Emerging economic
opportunities, along with challenges in SCM, such as Green Marketing issues, have been highlighted by
various companies in Asia.

These challenges include the environmental pollution caused by these companies and the
measures they are taking to mitigate its effects. [12] In the current landscape, the digital transformation of
businesses has intensified global competition, raising the standards for quality and service. This
digitalization has also influenced supply chain management. As a result, companies can leverage
advanced technologies to address the challenges and issues within Sustainable Supply Chain
Management (SSCM).[13] As organizations face growing pressure to align their supply chain practices
and enhance their Cost of Management (COM), optimization techniques in supply chain management are
becoming increasingly vital. To effectively address supply chain challenges, thorough and integrated
assessments of processes, products, and services are necessary to support decision-making. [14] The
key challenge for modern organizations is not only to launch a supply chain management (SCM) initiative
but to implement it successfully. Since information flow is a crucial component of SCM, and material flow
heavily relies on it, adopting an IT perspective is essential. [15]
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MATERIALS AND METHOD
Alternative

Evolutionary Algorithms:Evolutionary algorithms (EAs) are adaptive techniques used to solve
optimization and search problems by mimicking the genetic processes observed in biological organisms.
Over successive generations, populations evolve through natural selection and the concept of "survival of
the fittest,” gradually improving solutions.

Genetic algorithm (GA): is an optimization method inspired by the principles of natural selection
and evolution. It refines a population of candidate solutions through iterative processes, much like species
evolving over generations, to solve complex optimization problems.

A green supply chain network: focuseson minimizing environmental impact by adhering to
safety regulations. The goal is to foster sustainability by optimizing resource utilization and effectively
communicating environmental initiatives with partners and customers.

Multi-objective Programming: Multi-objective programming seeks to find optimal solutions in
scenarios where multiple, often conflicting objectives must be balanced. This technique is widely used in
fields like computer science and engineering to solve problems that require consideration of several goals
simultaneously.

Performance Assessment: Performance assessment evaluates knowledge and skills by
observing real-world or simulated application rather than relying solely on traditional testing methods. It
emphasizes tasks like presentations, projects, or quizzes to gauge how effectively students apply their
learning and demonstrates the success of instructional methods.

Evolution:

Occurrence: An event in the context of evolution refers to a single occurrence or instance, such
as a specific mutation or adaptation happening within a population. These events are repeated and
contribute to the ongoing process of evolution over time.

Ratio: In mathematics, a ratio is a comparison between two or more quantities, used to express
how much one value is in relation to another. It is calculated by dividing one quantity by another,
indicating the proportional relationship between them.

Normalization:Normalization is the process of restoring a system or condition to its standard or
typical state.This concept encompasses adjusting values to a more general level, such as regulating
blood pressure through medication or re-establishing diplomatic relations between nations.

Entropy: Entropy is a thermodynamic measure of a system's disorder or randomness,
representing the portion of thermal energy that cannot be used for work. The greater the entropy, the
higher the level of molecular disorder in the system, which directly impacts its ability to perform useful
work.

COPRAS Method

To minimize the number of design experiments, the Taguchi design method was employed.
Covariance analysis was conducted using the Taguchi table, and the ANOVA results indicated that the
proposed multiple regression models—assessing the impact of twelve performance indicators on Total
Productive Maintenance (TPM)—were statistically significant. [16] Assessing the performance of research
assistants has become a crucial and strategic decision for universities. However, this process is often
complex due to the need to consider numerous conflicting criteria simultaneously. Reaching an accurate
decision involves evaluating multiple criteria in light of various alternatives. The COPRAS (Complex
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Proportional Assessment) method is employed to assess the performance of research assistants.[17] The
COPRAS (Complex Proportional Assessment) method is a decision-making approach utilized for
selecting investment projects based on financial analysis criteria, particularly in scenarios involving
uncertain or imprecise data.

In the proposed model, the performance of each alternative project is represented using both
precise and interval values, allowing for a comprehensive assessment of potential investments.[18] The
limitations of traditional decision-making approaches, particularly the overestimation of alternatives. By
separately evaluating maximizing and minimizing criteria, COPRAS offers a more balanced and accurate
assessment, enhancing the reliability of decision outcomes.[19] In another application, the system was
utilized to evaluate elderly care services in the city of Vilnius. The authors applied an MCDM method to
identify which areas of Vilnius were most likely to become neglected in the future. The findings, supported
by expert analysis, were validated using the COPRAS method. [20] The authors highlight the novelty of
combining soft set theory with the COPRAS method specifically, they utilize Coquet integration the overall
associated with modes, effectively accounting for the interdependence of risk factors and avoiding the
issue of compensating between different risk values. [21] The COPRAS (Complex Proportional
Assessment) method is designed to provide a straightforward, structured, and logical approach to
decision-making, particularly within the manufacturing sector. By evaluating alternatives based on both
maximizing and minimizing criteria, it offers a comprehensive assessment, aiding in the selection of
optimal solutions. [22] The research focuses on a company specializing in the production of pre-insulated
pipes, which requires the procurement of steel.

To evaluate suppliers, the study employs a hybrid approach using multiple criteria analysis
methods. COPRAS method is applied to rank the supplier alternatives. [23] The COPRAS method was
selected for its distinct advantages over other techniques, particularly its ability to calculate the utility of
each alternative and clearly indicate their relative performance [24]. For instance, one study uses
COPRAS to enhance visibility in heavy transport vehicles by analyzing design aspects of rear-view
mirrors [25]. Another study applies the COPRAS-G method to assess residential properties based on
specific evaluation criteria [26]. COPRAS evaluate options using a defined set of criteria, incorporating
both their assigned weights and values to determine overall importance and utility [27]. A key research
guestion explores whether different MCDM methods, such as COPRAS and ARAS, can identify optimal
alternatives, with comparative analysis provided in the subsequent section along with a literature review
[28]. Additionally, the absence of a structured performance evaluation system hinders effective employee
assessment. To address this, the COBRA method is recommended for its speed, clarity, simplicity, and
visual representation [29]. Overall, this study introduces a multi-criteria decision-making model based on
COPRAS, aiming to support more objective, efficient, and reliable decision-making processes.[30]

RESULT AND DISCUSSION

Table 1. Supply chain management challenges

Occurrences Ratio Normalize Entropy

Evolutionary algorithms 38.00000 98.00000 87.00000 29.00000

Genetic algorithm 78.00000 95.00000 24.00000 98.00000

Green supply chain

network 25.00000 23.00000 56.00000 34.00000
Multi-objective

programming 60.00000 81.00000 90.00000 70.00000
Performance

assessment 46.00000 12.00000 87.00000 40.00000

Table 1 presents major challenges in supply chain management assessed through the COPRAS
methodology. Concepts like genetic algorithms and multi-objective programming show high significance
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due to their notable occurrence and normalization scores. Additionally, evolutionary algorithms and

performance evaluation demonstrate substantial impact, suggesting their usefulness in enhancing green
supply chain networks.

Supply chain mangement challenges
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Figure 1.Supply chain management challenges

Figure 1 presents supply chain management challenges analyzed through the COPRAS
methodology. Genetic algorithms and multi-objective programming demonstrate high frequency and
impact, underscoring their strategic value. Evolutionary algorithms and performance assessment also

hold notable positions, emphasizing their contribution to system efficiency. Despite lower frequency,
green supply chain networks continue to be a critical issue.

TABLE 2. Normalized Data

Normalized Data
Occurrences Ratio Normalize Entropy
Evolutionary algorithms 0.1538 0.3172 0.2529 0.1070
Genetic algorithm 0.3158 0.3074 0.0698 0.3616
Green supply chain network 0.1012 0.0744 0.1628 0.1255
Multi-objective programming 0.2429 0.2621 0.2616 0.2583
Performance assessment 0.1862 0.0388 0.2529 0.1476
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Table 2 displays obtained through the COPRAS method, evaluating supply chain challenges
based on four criteria: occurrence, rate, normalization, and entropy. Genetic algorithms rank highest in
both occurrence and entropy, reflecting strong relevance and diversity. Multi-objective programming and
evolutionary algorithms perform strongly, whereas green supply chain networks show relatively lower
scores overall.

Normalized Data

M Evolutionary algorithms

B Genetic algorithm

B Green supply chain
network

B Multi-objective
programming

B Performance assessment

Figure 2. Normalized Data

Figure 2 illustrates the normalized data derived using the COPRAS method. Incorporating four
performance indicators: incidence, rate, normalization, and entropy. Evolutionary algorithms and genetic
algorithms lead in terms of rate and normalized values. However, the entropy values highlight the
diversity or uncertainty in each method, with multi-objective programming showing moderate entropy
(0.2583), suggesting a relatively even distribution. Green supply chain networks present comparatively
lower values across most indicators.

Table3.weight

weight
0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25

Table 3 presents uniform weighting across all criteria in the COPRAS method, with each
assigned a value of 0.25. This equal distribution reflects a balanced evaluation strategy, ensuring that
every aspect of supply chain management challenge is given equal importance, supporting impartial
analysis and minimizing bias in decision-making and prioritization.

TABLE 4. Weighted normalized decision matrix

Weighted normalized decision
matrix
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Evolutionary algorithms 0.04 0.08 0.06 0.03
Genetic algorithm 0.08 0.08 0.02 0.09
Green supply chain network 0.03 0.02 0.04 0.03
Multi-objective programming 0.06 0.07 0.07 0.06
Performance assessment 0.05 0.01 0.06 0.04

Table 4 presents the weighted normalized decision matrix derived from the COPRAS method,
emphasizing the comparative significance of supply chain challenges. Genetic algorithms and multi-
objective programming exhibit high overall weights, reflecting their substantial impact. Evolutionary
algorithms and performance assessment also contribute meaningfully, whereas green supply chain
networks display comparatively lower weighted values.

weighted normalized decision matrix

m Weighted normalized decision
matrix

Axis Title

m Weighted normalized decision
matrix

m Weighted normalized decision
matrix

Weighted normalized decision
matrix

Figure3. Weighted normalized decision matrix

Figure 3 illustrates the weighted normalized decision matrix derived from the COPRAS method.
Reflecting the comparative impact of various supply chain challenges. Genetic algorithms and multi-
objective programming register the highest weights, signaling significant influence. Evolutionary
algorithms and performance assessment offer moderate input, whereas green supply chain networks
demonstrate the lowest overall impact.

Tableb. Bi, Ci and Min (Ci)/Ci value

Bi Ci Min(Ci)/Ci value
Evolutionary algorithms 0.118 0.090 0.8009
Genetic algorithm 0.156 0.108 0.6682
Green supply chain network 0.044 0.072 1.0000
Multi-objective programming 0.126 0.130 0.5544
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Performance assessment

0.056

0.100 0.7197

Table 5 displays the Bi, Ci, and Min (Ci)/Ci values derived from the COPRAS method,
Emphasizing the performance of various supply chain challenges, green supply chain networks exhibit
the highest minimum (Ci)/Ci value, indicating their superior performance. In contrast, evolutionary
algorithms, genetic algorithms, multi-objective programming, and performance evaluation show varying

performance levels.

Bl and CI min(ci/c))

Performance assessment

Multi-objective programming

Green supply chain network

Genetic algorithm

Evolutionary algorithms

0.000

Figure 4. Bi, Ci and Min (Ci)/Ci value

Figure 4 displays the Bi,

0.400

0.600 0.800 1.000

Min(Ci)/Ci

Ci
2]

and Min (Ci)/Ci values generated using the COPRAS

method.Highlighting the performance across different supply chain challenges. Green supply chain
networks have the highest Min(Ci)/Ci value, signifying optimal performance. Evolutionary algorithms,

genetic algorithms, multi-objective programming,

performance levels.

Table 6. Qi, Ui and Rank

and performance assessment exhibit varying

Qi Ui Rank
Evolutionary algorithms 0.285 100.0000 2
Genetic algorithm 0.192 67.1124 1
Green supply chain network 0.197 68.9299 4
Multi-objective programming 0.207 72.6249 3
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Performance assessment

0.119

41.7434

5

Table 6 displays the Qi, Ui, and ranking values derived from the COPRAS method, which
represent the performance impacts of different supply chain challenges. Evolutionary algorithms rank the
highest, followed by genetic algorithms. Multi-objective programming and green supply chain networks
occupy middle ranks, while performance evaluation ranks the lowest, reflecting its relatively lesser impact.

100.000
80.000
60.000
40.000

Figure 5. Qi, Ui value

Figure 5 shows the Qi, Ui, and ranking values derived from the COPRAS method, emphasizing
the performance of different supply chain challenges. Evolutionary algorithms secure second place with
the highest Qi value, while genetic algorithms lead with the top Ui value. Multi-objective programming and
green supply chain networks are ranked in the middle, with performance evaluation ranking last, reflecting

its minimal impact.
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Performance assessment

Multi-objective programming

Green supply chain network

Genetic algorithm

Evolutionary algorithms

Figure 6. Rank

Figure 6 presents the rankings of supply chain challenges according to the COPRAS method,
with genetic algorithms leading the results.hold the top rank, with evolutionary algorithms in second place.
Multi-objective programming and green supply chain networks are positioned in the middle, while
performance evaluation ranks fifth, reflecting its comparatively lower impact in this assessment.

CONCLUSION

Genetic algorithms emerged as the most significant challenge (ranked 1st), highlighting the
complexity organizations face when implementing optimization technigques that mimic natural selection
processes to solve supply chain problems. The sophisticated nature of genetic algorithms, which require
specialized expertise and computational resources, presents substantial barriers to adoption despite their
potential benefits for supply chain optimization. Evolutionary algorithms ranked second, underscoring the
difficulties in developing and maintaining adaptive techniques that evolve solutions through successive
iterations. These algorithms, while powerful for solving complex supply chain problems, demand
significant technical knowledge and integration capabilities that many organizations struggle to
incorporate into their existing systems. Multi-objective programming secured the third position, reflecting
the inherent complexity of balancing multiple, often conflicting objectives simultaneously within supply
chain operations. As supply chains grow increasingly complex, the ability to optimize across various
performance metrics remains a substantial challenge for decision-makers. Green supply chain networks
ranked fourth, indicating moderate challenges in implementing environmentally sustainable practices
while maintaining operational efficiency. This position suggests that while sustainability initiatives present
implementation hurdles, they may be relatively more manageable compared to the algorithmic
optimization challenges. Performance assessment ranked fifth, suggesting comparatively fewer obstacles
in measuring and evaluating SCM effectiveness.

This finding implies that organizations have made progress in developing metrics and
methodologies for supply chain performance evaluation. These results highlight the fundamental shift in
supply chain management challenges from traditional logistics concerns to advance computational and
optimization issues. Modern supply chains must integrate sophisticated technologies and complex
optimization techniques to remain competitive, creating unique barriers that require targeted
interventions. For practitioners and policymakers, these findings emphasize the need to prioritize
resources toward addressing algorithmic optimization challenges. Organizations should invest in
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developing expertise and tools that support the implementation of genetic and evolutionary algorithms
while creating frameworks that enable effective multi-objective decision-making within supply chains.
Future research should explore specific strategies to overcome these algorithmic challenges, focusing
particularly on simplified implementation approaches, integration with existing systems, and training
programs to enhance organizational capabilities in advanced optimization techniques.
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Supply Chain Network Design through Machine Learning: Predictive Analysis of
Warehouse Capacity Using Regression Techniques

Supply chain network design represents a critical strategic decision for companies navigating
today’s complex global marketplace. This study uses machine learning regression techniques to examine
the relationships between key supply chain parameters — transportation costs, warehouse capacity, lead
times, demand variance, and network performance. Twenty-five observations were analyzed to identify
patterns and predict warehouse capacity needs. Descriptive statistics reveal transportation costs
averaging $50.80, warehouse capacity 6,066 units, lead times 6.2 days, and network performance
79.92%. Correlation analysis demonstrates exceptionally strong relationships between variables, with
demand variance showing a strong negative correlation with network performance (-0.99). Two predictive
models were developed and compared: decision tree regression and support vector regression. The
decision tree model achieved perfect training performance (R2=1.0000), but showed signs of overfitting,
with the test R2 dropping to 0.9310. In contrast, support vector regression demonstrated better
generalization ability, with the experimental performance (R?=0.9730) exceeding the training results
(R?=0.9366). The findings confirm that lower transportation costs, shorter lead times, and reduced
demand variability collectively improve network performance. This research provides practical insights for
supply chain optimization and validates machine learning approaches for capacity forecasting in logistics
network design.

Keywords: Supply chain network design, warehouse capacity estimation, decision tree
regression, support vector regression, network capacity optimization, machine learning.

INTRODUCTION

Supply chain network design is one of the most important strategic decisions that companies face
in today's interconnected global economy. It involves determining the optimal configuration of facilities,
transportation routes, and distribution channels that will enable a company to efficiently deliver products
or services to customers while minimizing costs and maximizing service levels. [1] This complex endeavor
requires careful consideration of many factors, including customer demand patterns, supplier locations,
production capabilities, inventory requirements, and transportation costs. Decisions made during network
design have long-term implications because they typically involve significant capital investments in
facilities and infrastructure that cannot be easily replaced. [2] At its core, supply chain network design
seeks to answer fundamental questions about where to locate manufacturing plants, warehouses, and
distribution centers, how many facilities are needed, what capacity each should have, and how products
should flow through the network. [3] These decisions must balance competing objectives.

For example, having multiple facilities close to customers can reduce transportation costs and
improve delivery times, but it also increases the fixed costs associated with operating multiple locations
and can lead to higher freight costs. Conversely, a centralized network with fewer facilities can achieve
economies of scale in manufacturing and inventory management, but may result in longer lead times and
higher outbound transportation costs. [4] The process of designing an effective supply chain network
typically begins with a thorough analysis of customer needs and demand patterns. Where customers are
located, what service levels they expect, and how demand varies over time and geography provide the
foundation for all subsequent decisions. Companies should evaluate their current network, identifying
strengths that need to be preserved and weaknesses that need to be addressed. [5] This assessment
includes analyzing current facility locations, capabilities, costs, and performance metrics to establish a
baseline for improvement. Transportation considerations play a key role in network design decisions. The
choice of transportation mode—truck, rail, air, or ocean freight—significantly impacts both cost and
service levels. Considering how different network configurations affect total logistics costs, organizations
must evaluate the tradeoffs between transportation speed and cost. [6] In addition, the rise of e-
commerce has fundamentally changed network design requirements as consumers increasingly expect
faster delivery times. This has prompted many organizations to establish distributed networks with
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facilities located near major population centers, enabling same-day or next-day delivery capabilities. Risk
management has emerged as an increasingly important dimension in supply chain network design. [7]
Recent global disruptions, including natural disasters, geopolitical tensions, and pandemic-related
challenges, have highlighted the vulnerability of overly optimized networks that prioritize cost efficiency
over resilience. Modern network design should incorporate risk mitigation strategies such as geographic
diversification of suppliers and facilities, maintaining buffer stocks, and creating alternative sourcing
options.

Companies are learning that the least expensive network configuration can be costly if there is no
flexibility to adapt to unexpected disruptions. [8] Technology and data analytics have revolutionized
supply chain network design capabilities. Advanced optimization software can evaluate millions of
possible network configurations, taking into account complex constraints and multiple objectives
simultaneously. [9] These tools help companies conduct scenario analysis and test how different network
designs will perform under varying demand patterns, cost structures, or disruption scenarios. Real-time
data from sensors, GPS tracking, and enterprise systems provides unprecedented clarity into network
performance, allowing companies to continually refine their designs based on real-world operational
experience. As companies face pressure from customers, regulators, and investors to reduce their
environmental footprint, sustainability considerations are increasingly influencing network design
decisions. [10] Network design directly impacts carbon emissions through transportation distances, facility
energy consumption, and packaging requirements. Many companies are incorporating sustainability
metrics into their network optimization models to seek to reduce greenhouse gas emissions while
maintaining cost competitiveness. [11] These strategies include locating facilities near renewable energy
sources, optimizing transportation routes to reduce empty miles, or designing multi-modal networks that
utilize environmentally friendly transportation options. [12] Ultimately, effective supply chain network
design requires a holistic approach that aligns with the overall business strategy. It cannot be viewed as a
purely tactical exercise focused solely on cost reduction, but must support broader organizational
objectives related to customer service, market responsiveness, risk management, and competitive
positioning. [13] As markets evolve, technologies advance, and customer expectations change,
organizations must continually reevaluate and adapt their network designs to maintain a competitive
advantage in an ever-changing business landscape.[14]

METHODOLOGY

Decision Tree Regression: Decision tree regression is a supervised machine learning technique that is
used to predict a series of numerical values by partitioning data into hierarchical partitions. Unlike
classification trees, which predict categories, regression trees estimate numerical outcomes by repeatedly
partitioning a dataset based on feature values that minimize prediction error. Each internal node
represents a decision based on a specific feature range, while leaf nodes contain predicted values,
typically calculated as the average of the training samples in that partition. The algorithm works by
selecting splits that minimize the variance or mean square error in each resulting subset. This process
continues until stopping criteria such as maximum tree depth or minimum samples per leaf are met.
Although intuitive and interpretable, decision trees are essential for scaling complex datasets and
achieving robust predictive performance in real-world applications, such as pruning, ensemble methods,
or setting appropriate hyperparameters.

Support Vector Regression: Support Vector Regression (SVR) is a powerful machine learning algorithm
that applies support vector machine principles to regression problems. Unlike traditional regression
methods that minimize prediction errors, SVR attempts to fit data within a specific tolerance range called
epsilon (€). This algorithm identifies a hyperplane that maximizes the number of training points that fall
within this epsilon tube while minimizing model complexity. Points outside this boundary are penalized,
with those closest to the boundaries becoming the support vectors that define the regression function.
SVR excels at handling nonlinear relationships through kernel functions that map data into high-
dimensional spaces, enabling complex pattern recognition. The method is particularly effective with high-
dimensional datasets and demonstrates robustness against outliers. However, SVR requires careful
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hyperparameter tuning, including selecting appropriate kernel types, regularization parameters, and
epsilon values, which can be computationally intensive for large datasets.

In Put and Out Put Parameters: Transportation costs are a significant component of supply chain costs,
including the fuel, labor, equipment, and carrier fees required to move goods between facilities and
customers. These costs vary based on distance, method selection, shipment volume, and route
optimization, which directly impacts overall supply chain profitability and pricing strategies. Warehouse
capacity defines the maximum storage volume a facility can handle, limiting inventory levels and
throughput capabilities. Lead time measures the time between order placement and delivery, which
impacts customer satisfaction and inventory requirements. Demand variance reflects fluctuations in
customer orders over time, creating challenges for inventory planning and resource allocation. Network
performance assesses how effectively a supply chain uses resources to meet demand, balancing service
levels against operational costs, while minimizing waste and redundancies throughout the distribution
system.

3. ANALYSIS AND DISCUSSION

This dataset reveals important relationships between supply chain variables across twenty-five
observations. Transportation costs range from $36 to $68 per unit, while warehouse capacities range
from 4,500 to 7,800 units, showing significant operational level variations. Lead times vary from 3 to 10
days, and demand variance fluctuates from 8 to 22 units, indicating operational challenges across
different market conditions and different network configurations. A clear inverse relationship emerges
between costs and performance. Low transportation costs and short lead times are strongly associated
with high network performance scores, reaching up to 89% under optimal conditions. Conversely, high
transportation costs, extended lead times, and increased demand variance are consistent with reduced
performance, which drops to 70-72%. Facilities with moderate warehouse capacity (4,500-5,700 units),
minimal transportation costs (under $45), and controlled demand variance (below 12 units) achieve better
network performance, highlighting the importance of balanced resource allocation in supply chain
optimization.

TABLE 1. Supply Chain Network Design Descriptive Statistics

Transportation | Warehouse Lead Demand | Network
Cost Capacity Time | Variability | Efficiency

count 25.0000 25.0000 25.0000 | 25.0000 | 25.0000

mean 50.8000 6066.0000 | 6.2000 | 13.9600 | 79.9200

std 9.8319 1079.0351 | 1.8708 4.2178 5.5821

min 36.0000 4500.0000 | 3.0000 8.0000 70.0000

25% 42.0000 5000.0000 | 5.0000 | 11.0000 | 76.0000

50% 51.0000 6100.0000 | 6.0000 | 13.0000 | 81.0000

75% 58.0000 7000.0000 | 7.0000 | 17.0000 | 84.0000

max 68.0000 7800.0000 | 10.0000 | 22.0000 | 89.0000

Descriptive statistics derived from twenty-five supply chain observations reveal meaningful
patterns across key performance variables. Transportation costs average $50.80, with a standard
deviation of $9.83, indicating moderate variation around the mean. The range extends from $36 to $68,
with the mean ($51) closely aligned with the mean, indicating a relatively symmetrical distribution.
Warehouse capacity shows considerable variation, with an average of 6,066 units with a standard
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deviation of 1,079 units, reflecting the varying levels of activity across the network. Lead time averages
6.2 days with a low variance (level: 1.87), while demand variance shows high volatility, with an average of
13.96 units with a standard deviation of 4.22. Network efficiency maintains a strong average of 79.92%,
with a relatively tight spread (level: 5.58), which ranges from 70% to 89%. Interim limits suggest that most
networks operate with transportation costs between $42-$58, lead times of 5-7 days, and efficiency levels
of 76-84%, which provides benchmarks for efficiency evaluation and optimization strategies.
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This pair of graphs visualizes the relationships between five supply chain variables through
scatter plots and graphs. Strong positive linear relationships are evident between transportation costs,
warehouse capacity, lead time, and demand variance, as shown by the upward-sloping scatter plots. In
contrast, network efficiency shows negative relationships with all other variables, as indicated by the
downward-sloping scatter plots. The diagonal graphs reveal the distribution patterns: transportation costs
and network efficiency show relatively uniform distributions, while warehouse capacity and demand
variance show a slight rightward skew. Lead time shows a very balanced distribution over its range. The
tight clustering of points along diagonal trends confirms the strong interdependence between the
variables, confirms their joint impact on supply chain performance, and supports the need for integrated
optimization strategies.
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FIGURE 2. Supply Chain Network Design Correlation heatmap

The correlation heat map reveals exceptionally strong relationships between supply chain variables, with
correlation coefficients displayed in a color-coded matrix. Transportation costs show very high positive
correlations with warehouse capacity (0.98), lead time (0.97), and demand variance (0.98), indicating that
these factors increase together. Network performance shows strong negative correlations with all
operational variables: transportation costs (-0.98), warehouse capacity (-0.95), lead time (-0.98), and
demand variance (-0.99). Dark red cells indicate strong positive relationships, while lighter cells indicate
negative relationships. The almost perfect correlation between demand variance and network
performance (-0.99) indicates that demand fluctuations are the most important factor affecting
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performance. These high correlations indicate potential multicollinearity concerns for regression
modeling, but clearly show that reducing costs, lead times, and demand variance simultaneously
improves network performance.

TABLE 2. Decision Tree Regression Warehouse Capacity Train and Test performance metrics

Model Data R2 EVS MSE RMSE MAE Max MSLE | Med AE
Error
Decision | Train | 1.0000 | 1.0000 0.0000 0.0000 0.0000 0.0000 | 0.0000 0.0000
Warehouse Tree
Capacity | Regression | Test | 0.9310 | 0.9356 | 73000.0000 | 270.1851 | 230.0000 | 600.0000 | 0.0022 | 200.0000

The decision tree regression model shows exceptional performance in predicting warehouse
capacity, achieving perfect scores of 1.0000 for both R? and explained variance (EVS) on all training
scales. Zero values for mean square error (MSE), root mean square error (RMSE), mean absolute error
(MAE), and mean absolute error indicate a perfect fit to the training data, although this raises potential
overfitting concerns. Despite the perfect training fit, the test performance demonstrates strong
generalization ability. The model maintains a strong R2 of 0.9310 and EVS of 0.9356, explaining more
than 93% of the variance in the unobserved data. The RMSE of 270.19 units and MAE of 230 units
indicate reasonable prediction errors given the warehouse capacity scale (4,500-7,800 units). The
maximum error of 600 units and the average absolute error of 200 units suggest stable predictions with
occasional large deviations, indicating reliable model performance for practical supply chain planning
applications.
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The training data visualization for decision tree regression shows a perfect prediction alignment
between actual and predicted warehouse capacity values. All data points lie precisely on the 45-degree
diagonal reference line, which extends from approximately 4,500 to 8,000 units. This perfect fit
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demonstrates that the model perfectly captures the training data patterns without any prediction errors.
The uniform distribution of points on the diagonal indicates consistent performance across the entire
capacity range, from small to large facilities. However, this flawless alignment raises concerns about
potential overfitting, where the model may have memorized the training data instead of learning common
patterns. The lack of any deviation from the diagonal line, while impressive for training performance,
indicates that the model may struggle with unseen data, requiring careful evaluation of test performance.
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The experimental data plot reveals that decision tree regression maintains robust but imperfect
forecasting performance on unobserved data. Most forecasts are reasonably close to the diagonal
reference line, which generally indicates accurate forecasts. However, significant deviations appear,
especially in the mid-range (6,000-7,000 units) with some forecasts scattered above and below the best
line. Low-capacity facilities (4,500-5,500 units) show tight clustering with minimal forecast errors, while
high-capacity forecasts (7,000-8,000 units) show more variability. One notable outlier is the actual
capacity of 7,800 with a predicted value close to 7,800, showing good accuracy at the upper extreme.
The sparse method, compared to the perfect training fit, confirms that it achieves practical utility for
warehouse capacity forecasting, despite overfitting concerns, while acknowledging forecast uncertainty.

TABLE 3. Support Vector Regression Warehouse Capacity Train and Test performance metrics

Model Data R2 EVS MSE RMSE MAE Max MSLE | Med AE
Error
Support Train | 0.9366 | 0.9405 | 73276.1725 | 270.6957 | 156.8901 | 888.5682 | 0.0017 | 68.9712
Warehouse Vector
Capacity Regression | Test | 0.9730 | 0.9757 | 28513.6709 | 168.8599 | 130.3305 | 415.7160 | 0.0010 | 110.0441

Support Vector Regression demonstrates robust performance for warehouse capacity prediction
with balanced training and testing results. The training phase achieves an R2 of 0.9366 and an explained
variance of 0.9405, indicating strong model fit while avoiding perfect scores that could indicate overfitting.
The training metrics show an RMSE of 270.70 units and an MAE of 156.89 units, with a maximum error of
888.57 units indicating occasional large deviations. Notably, the model shows better testing performance
compared to training, with R2 improving to 0.9730 and EVS to 0.9757. The testing RMSE decreases to
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168.86 units and MAE to 130.33 units, indicating better generalization ability. The maximum testing error
of 415.72 units is significantly lower than training, while the average absolute error of 110.04 units
indicates stable predictions. This superior experimental performance indicates that the SVR model
effectively captures the underlying patterns without overfitting, making it more reliable for practical
warehouse capacity forecasting applications.
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FIGURE 5. Support Vector Regression Warehouse Capacity Training

The SVR training visualization exhibits strong but not perfect prediction accuracy, with points
clustering near the diagonal reference line in the 4,500-7,800-unit capacity range. Unlike the perfect fit of
the decision tree, many predictions deviate significantly from the true values, especially in the 5,500-
6,500-unit range, where points scatter above and below the diagonal. A notable outlier appears around
the 7,200 true capacities with a predicted value near 6,300, representing an approximately 900-unit error.
Lower-capacity facilities show tighter clustering, indicating better model performance for smaller
warehouses. The moderate dispersion pattern indicates that the SVR model maintains an appropriate
model complexity while avoiding overfitting during training. This balanced approach, accepting some
training error to preserve generalization ability, represents a healthier modeling strategy than achieving
perfect training accuracy at the expense of testing performance.

146



www.sciforce.org

Predicted vs Actual Warehouse Capacity(Testing data)
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The SVR test scheme demonstrates superior prediction accuracy with points tightly clustered
along the diagonal reference line. Predictions span the entire capacity range of 4,500 to 7,500 units, with
significantly less scatter than observed in the training data. Low-capacity facilities (4,500-5,500 units)
show excellent alignment with actual values, while mid-range capacities (6,000-7,000 units) maintain
strong prediction accuracy with minimal deviations. The highest capacity predictions also agree well with
actual values. Notably, the test performance appears to be more consistent than the training
performance, as demonstrated by the reduced scatter and tight clustering around the diagonal. This
unusual pattern of test predictions outperforming training predictions indicates that the model successfully
captured the underlying relationships without overfitting to training noise. The overall tight clustering
confirms the robustness and reliability of SVR for practical warehouse capacity prediction applications.

CONCLUSION

This research, with a particular focus on warehouse capacity prediction, successfully
demonstrates the application of machine learning regression techniques to supply chain network design
optimization. A detailed analysis of twenty-five observations revealed important insights into the
interdependencies between transportation cost, warehouse capacity, lead time, demand variance, and
network performance. The exceptionally strong correlations identified, particularly the nearly perfect
negative relationship (-0.99) between demand variance and network performance, underscore the
importance of integrated supply chain management approaches. Both decision tree regression and
support vector regression proved effective for warehouse capacity forecasting, although they had distinct
characteristics. Although decision tree regression achieved perfect training accuracy, its tendency to
overestimate its limited generalization ability, yielding a test R2 of 0.9310. Support vector regression
emerged as the best approach, with test performance (R2=0.9730, RMSE=168.86) demonstrating
significant generalization by exceeding training results, indicating robust pattern recognition without
overfitting. The findings confirm that facilities that maintain moderate warehouse capacity, minimum
transportation costs below $45, and controlled demand variance below 12 units achieve optimal network
efficiency greater than 85%. These insights provide actionable benchmarks for supply chain practitioners
and establish machine learning methods as valuable tools for strategic network design decisions. Future
research should expand the dataset size, incorporate additional variables such as stability metrics and
risk factors, and explore ensemble learning methods to further improve predictive accuracy and practical
applicability in dynamic supply chain environments.
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Statistical Modelling of SAP S/4HANA Implementation Parameters through Linear
Regression: Empirical Analysis of Migration Complexity, Downtime, and Digital
Transformation Outcomes

This research paper provides a comprehensive analysis of SAP S/4AHANA adoption options and
transition paths for organizations migrating from legacy SAP ECC systems. As a next-generation
intelligent ERP suite designed to serve as the digital hub for modern enterprises, SAP S/4HANA
represents a fundamental shift in enterprise resource planning technology. This study addresses a critical
qguestion facing established SAP customers regarding optimal migration strategies and deployment
models. By systematically examining three fundamental transformation approaches, this research
provides a clear framework for evaluation and decision-making. This research paper explores how SAP
S/4HANA delivers transformational benefits through real-time analytics, embedded machine learning, and
streamlined processes, while offering flexible deployment options on-premises and in the cloud. Key
findings demonstrate the platform’s profound impact on supply chain management, operational efficiency,
and digital transformation across industries including manufacturing, healthcare, retail, and automotive.
The research methodology includes empirical models that analyses migration complexity, estimated
costs, downtime requirements, resource utilization, and implementation timelines. By untangling complex
migration options and providing essential insights into deployment strategies, this study empowers
organizations to make confident, well-informed decisions for their digital transformation journey, while
ensuring optimal alignment with their unique operational needs and strategic objectives.

Keywords: SAP S/4HANA, ERP Migration, Digital Transformation, Enterprise Resource
Planning, Supply Chain Management, Cloud Deployment, Business Intelligence, System Integration,
Migration Strategy, Process Automation

INTRODUCTION

The next-generation intelligent ERP suite, SAP S/4HANA, was created to be the digital hub for
the intelligent enterprise. For many established SAP ECC customers, planning a migration raises a critical
guestion: What is the optimal path and deployment model? This white paper, "Overview of SAP S/4AHANA
Deployment Options and Transition Paths," directly addresses this widespread uncertainty. It provides a
clear exploration of the various available migration paths, guiding organizations to make an informed
decision to transition to SAP S/4HANA [1]. Published in the Advanced Research in Science,
Communication, and Technology, an international magazine, this paper serves as a key resource for
navigating the complex landscape of SAP S/4HANA adoption. Its main objective is to guide customers
towards the migration strategy that best suits their unique needs. It formally acknowledges three
fundamental transformation approaches that provide a clear framework for assessment. By demystifying
these complex options, this research paper provides essential insights to empower organizations to make
confident and well-informed decisions for their digital transformation journey [2]. The next-generation
business suite SAP S/4HANA is the highest level of innovation in enterprise resource planning (ERP). Its
impact is profound, fundamentally reshaping digital transformation efforts across industries such as
manufacturing, healthcare, retail, and automotive.

This powerful platform provides organizations with an unprecedented level of operational
efficiency, strategic flexibility, and a comprehensive suite of advanced tools that enable continuous
innovation. By serving as an intelligent digital hub, it empowers businesses to fully optimize their
processes and thrive in the rapidly evolving digital economy [3]. SAP S/4AHANA delivers these benefits
through cutting-edge functionality, including real-time analytics, embedded machine learning, and
streamlined processes. It fosters a culture of continuous improvement by seamlessly integrating
technologies such as SAP Business Technology Platform, the Fiori user experience, and artificial
intelligence. It empowers organizations to efficiently manage complex digital environments and simplify
their operations using tailored, industry-specific solutions. The platform’s flexible deployment, available
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on-premises and in the cloud, ensures that it can be adapted to meet the unique needs of any
organization [4]. Our team executed a flawless, complete upgrade of the Vertex Tax architecture,
achieving the SAP S/4HANA go-live milestone on schedule and within budget. This critical effort was
delivered with virtually zero post-go-live defects, ensuring seamless tax compliance and accurate
transaction processing.

The project ensured seamless integration with core FI, MM, and SD modules. The next-
generation TRO module, redesigned tax rule numbering system, optimized cache logic, and accelerated
monthly updates via Vertex Central. These improvements resulted in significant system refactoring and
overall accuracy [5]. In today’s volatile and competitive marketplace, improving supply chain management
(SCM) is essential Boost customer satisfaction, cut expenses, and improve operational efficiency. The
research paper, “Improving Supply Chain Management: Strategic Business Models and Solutions Using
SAP S/4HANA,” explores this imperative. It examines how the next-generation ERP suite is SAP
S/4HANA, acts as an integrated and unified platform, delivering the advanced capabilities needed to
comprehensively transform and modernize end-to-end SCM processes for the digital age [6]. This
analysis examines the strategic frameworks and solutions enabled by SAP S/4HANA, assessing its
transformative impact on key supply chain functions such as procurement, manufacturing, logistics, and
inventory control. By leveraging powerful capabilities such as real-time analytics and intelligent
automation, the platform empowers businesses to dramatically improve supply chain visibility, agility, and
resilience. These critical enhancements ultimately prepare organizations to gain sustained
competitiveness in a complex global marketplace, allowing them to anticipate disruptions and respond
with greater speed and intelligence [7]. In the contemporary technological environment characterized by
sophisticated enterprise systems and persistent cyber risks, the drive for structured automation is a
primary catalyst for IT modernization. SAP, a German-origin enterprise software, is a globally recognized
and robust solution. It is widely implemented by medium to large national and multinational companies.

The platform is distinguished by its unique capabilities, including process automation, operational
agility, and integrated robotics and artificial intelligence (Al), delivered through a secure cloud-based
architecture [8]. An SAP system significantly improves customer service, inventory management, and
purchasing functions. It reduces product losses, streamlines sales and asset management, and enables
seamless data integration across administrative, accounting, and financial functions. Within this
framework, SAP S/4HANA represents a new generation of enterprise solutions designed to simplify inter-
and intra-company process transactions. The system is essential to ensure strong data security, improve
internal workflows, and help organizations achieve greater operational agility and cost-efficiency [9]. |
designed and implemented a custom Vertex test suite to automate the validation of complex, multi-
jurisdictional tax scenarios. This effort significantly reduced manual effort and strengthened our audit
readiness. The project was implemented using an agile methodology, including iterative sprints, backlog
prioritization, daily stand-ups, and stakeholder demonstrations, to foster continuous improvement and
proactive risk mitigation. A key outcome was to accelerate deployment timelines; the suite’s reusable test
cases allowed for rapid modification and reimplementation in subsequent cycles, significantly accelerating
validation for all future system releases and enhancements [10].
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MATERIALS AND METHOD
Materials

Migration Complexity: Empirical models of human migration have been developed in various fields,
including geography, demography, economics, and regional science. The main purpose of these models
is to predict the behavior of migrants by analyzing the characteristics of individuals or families, their
origins, and the characteristics of potential destination areas. The central focus is on identifying the main
factors that influence migration decisions, especially the availability of jobs and the prospect of higher
wages. A basic premise is that labor market inequalities drive population movement, "pulling" workers
toward urban centers with higher employment opportunities, while "pushing” them away from areas with
fewer opportunities and lower income levels.

Estimated Cost: An estimated cost is a forecast of the financial outlay required to complete a project or
produce a product. This estimate is created during internal capital budgeting or as part of the competitive
bidding process. Under a fixed price contract, the proposing company commits to this estimated cost. It is
a common and strategic practice for the contractor to intentionally inflate this estimate to reduce risk and
ensure profitability. This creates a necessary financial buffer within their bid, protects against unexpected
costs, and preserves a profit margin upon contract completion.

Downtime Hours: Idle time refers to the precise amount of time that an element is idle, measured in units
ranging from days to thousandths of a second. In a technical context, it is the total amount of time that a
machine, such as a computer, is down or unavailable for use. Informally, the term also describes personal
leisure time set aside for rest and minimal activity, as in the example: "After a busy week, I'm looking
forward to some downtime this Sunday.

Resource Utilization: Resource utilization measures the extent to which available resources are being
used. It is an important metric for planning and optimizing resource utilization, which helps organizations
increase productivity. Effective resource management benefits both the business and its employees: it
ensures that employees have enough, meaningful work to justify their roles and contribute to profits, while
also guarding against overwork and burnout. This balanced approach promotes sustainable performance
and supports a healthy work-life balance for all employees.

Timeline Weeks: "Timeline weeks" refers to a predefined sequence of weeks used to plan, track, and
visualize the duration of a project or process. It divides activities, milestones, and deadlines into a weekly
calendar, providing a clear framework for planning and progress tracking. This structured approach helps
teams align goals, manage resources efficiently, and ensure timely completion of tasks. It is commonly
used in project management, research, and strategic planning environments.

Instructions for machine learning

Linear Regression: A Statistical Method Used valuable technique for predicting quantitative outcomes
and has been extensively studied in numerous textbooks over time. Although it may seem less exciting
than modern statistical learning methods, it is widely used and very relevant. In addition, it serves as a
foundation for more advanced techniques, as many sophisticated statistical learning methods can be
seen as extensions or generalizations of linear regression. Therefore, a solid understanding of linear
regression is essential before exploring more complex approaches. This chapter examines the basic
concepts of linear regression and the least squares method, which is commonly used to build a model.
Regression serves two primary purposes. First, it is widely used for forecasting and prediction, often with
significant overlap with machine learning applications. Second, in some cases, regression analysis helps
identify causal relationships between independent and dependent variables. Through regression analysis,
the dependent variable 'y' is predicted based on different values of the independent variables. Variable 'x'.
This paper focuses on linear regression and multinomial regression, both of which are well suited for
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predictive modelling. Regression can take the A type of regression that can be either multivariate
regression or basic linear regression. One independent variable is used in a model for simple linear
regression variable to determine its effect on a dependent variable. It is represented by the equation y =
Bo + B1x + €, which describes the relationship between the variables. In addition, simple regression helps
to distinguish the impact of independent variables from the interactions within the dependent variables.

RESULTS AND DISCUSSIONS

This dataset provides a comparative analysis of different migration paths for SAP S/4HANA. Each
row represents a unique migration project as measured by its complexity score (Vertex Roadmap). The
subsequent columns describe the estimated financial cost, required system downtime in hours, resource
utilization percentage, and total project timeline in weeks. The data shows a clear positive correlation:
more complex migrations typically result in higher costs, longer downtime, higher resource demands, and
extended timelines, which helps organizations plan and budget for their transition.

TABLE 1. Descriptive Statistics

Migration | Estimated | Downtime | Resource | Timeline
Complexity Cost Hours Utilization Weeks

count | 100.00000 | 100.00000 | 100.00000 | 100.00000 | 100.00000

mean | 5.23210 | 363.92000 | 26.04000 | 61.88000 | 30.85000

std 2.67740 | 158.96697 | 10.94238 | 16.74725 | 11.03381

min 1.05000 | 116.00000 | 8.00000 33.00000 | 10.00000

25% 2.73500 | 221.75000 | 16.75000 | 46.75000 | 21.00000

50% 5.17500 | 354.00000 | 24.50000 | 61.00000 | 31.00000

75% 7.57500 | 509.50000 | 36.00000 | 76.25000 | 40.00000

max 9.88000 | 658.00000 | 51.00000 | 94.00000 | 55.00000

Table 1 Descriptive statistics summarizes the main characteristics of the five migration-related
variables across 100 observations. All variables share a similar number of occurrences, ensuring a
complete dataset with no missing values. The means and medians (50%) are relatively close for each
characteristic, indicating generally symmetrical distributions. For example, the mean time series weeks is
30.85, has an 11.03 standard deviation, suggesting a moderate degree of variation around the mean. The
wide ranges between the minimum and maximum values, particularly for estimated cost (from 116 to 658)
and resource use (from 33 to 94), highlight the significant heterogeneity in the analyzed project metrics,
providing a substantial basis for robust modelling.
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Effect of Process Parameters
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FIGURE 1. Scatter plot of the various Vertex Roadmap to SAP S/4AHANA

Figure 1 illustrates a scatter plot of the Vertex Roadmap for SAP S/4HANA, highlighting the
relationships between migration complexity, estimated cost, downtime, resource utilization, and timeline
weeks. The graphs reveal strong positive correlations across variables, indicating that higher complexity
typically drives higher costs, longer downtime, increased resource requirements, and extended project
timelines.
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FIGURE 2. Heat map of the relationship between process parameters and outcomes

Figure 2 provides a heat map illustrating the correlations between process parameters and
outcomes in the SAP S/4HANA roadmap. The results consistently show high positive correlations, with
migration complexity and estimated cost (0.99) being the strongest. All variables are interdependent,
confirming that complexity significantly drives costs, downtime, resource utilization, and project timelines.

Linear Regression (Migration Complexity)

Predicted vs Actual Migration Complexity (Training data)
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FIGURE 3. Linear Regression on Migration Complexity: training data
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Figure 3 illustrates the performance of the linear regression model on the training data for
migration complexity. The scatterplot shows a strong alignment between the predicted and actual values,
closely following the diagonal reference line. This indicates excellent model accuracy, with minimal bias,
demonstrating the effectiveness of the regression in capturing migration complexity trends.

Predicted vs Actual Migration Complexity (Testing data)
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FIGURE 4. Linear Regression on Migration Complexity: testing data

The results of the linear regression model's testing of the data for the migration issue are shown
in Figure 4. Strong predictive accuracy is confirmed by the close match between the anticipated values
and the actual data points on the diagonal reference line. The model's generalizability and dependability
in estimating unobserved variables are demonstrated by the minimal scatter and steady trend.

TABLE 2. Performance Metrics of Linear Regression on Migration Complexity (Training Data and Testing

Data)
Property Data | Symbol Model R2 EVS MSE RMSE MAE MaxError | MSLE | MedAE
Migration | Train LR Linear 0.99218 | 0.99218 | 0.05522 | 0.23498 | 0.19047 | 0.69232 | 0.00306 | 0.16987
Complexity Regression
Test LR Linear 0.98734 | 0.98860 | 0.09389 | 0.30642 | 0.24521 | 0.54349 | 0.00337 | 0.17877
Regression

Based on the performance metrics presented in Table 2, the linear regression (LR) model
demonstrates exceptional predictive accuracy for the migration problem on both the training and testing
datasets. More than 99% of the variance in the sample data can be explained by it, according to the high
R2 values of 0.992 for training and 0.987 for testing. The explained variance score (EVS), which is also
quite high, supports this nearly perfect fit. On both datasets, the error metrics are consistently low. The
predictions are extremely near to the actual values, as evidenced by the mean absolute error (MAE) of
roughly 0.19 in training and 0.25 in testing, and the root mean square error (RMSE) of 0.23 and 0.31,
respectively. Crucially, the model is not over fitting and ought to translate well to fresh, untested data, as
evidenced by the little performance difference between the training and testing results.
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Linear Regression (Estimated Cost)

Predicted vs Actual Estimated Cost (Training data)
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FIGURE 5. Linear Regression on Estimated Cost: training data

The linear regression model's performance on the training data for estimating costs is shown in
Figure 5. The scatterplot shows that the actual and predicted values are highly correlated, which
converges closely to the diagonal reference line. This indicates high model accuracy and efficiency in
learning cost estimation methods with minimal deviation from the actual values.

Predicted vs Actual Estimated Cost (Testing data)

,/
rd
600 .~
T s’
//. ]
e
% o,
8 500 A -~
-
k-1 [
(7] e
i) -
£ -
td
£ 400 1 -
7] e
w 'l
'uU, ]
- rd
2 E -
E 300 ”,
a e
z’/
200 A e
f”
P
i
200 300 400 500 600

Actual Estimated Cost

FIGURE 6. Linear Regression on Estimated Cost: testing data

Figure 6. Linear Regression on Estimated Costs: Experimental Data - A scatterplot illustrates the
relationship between actual and predicted medical costs using linear regression on experimental data.
The points converge closely to the diagonal line, indicating strong predictive accuracy because the
predicted estimates effectively approximate actual costs, demonstrating the reliability and performance of
the model.
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TABLE 3. Performance Metrics of Linear Regression on Estimated Cost (Training Data and Testing Data)

Property | Data | Symbol Model R2 EVS MSE RMSE MAE MaxError | MSLE MedAE
Estimated | Train LR Linear 0.98742 | 0.98742 | 314.59050 | 17.73670 | 14.05982 | 44.08046 | 0.00460 | 11.58731
Cost Regression
Test LR Linear 0.98594 | 0.98675 | 353.08890 | 18.79066 | 14.20862 | 42.68905 | 0.00353 | 13.34861
Regression

Table 3 shows the linear regression model for estimated cost, demonstrating a strong and reliable fit. The
significantly high R2 and explained variance score (EVS), both approximately training set of 0.987 and
test set of 0.986 t, indicate that the model accounts for more than 98% of the variance in the data. The
error metrics are consistent across both datasets, with a mean absolute error of approximately $14 million
and a root mean squared error of close to $18 million. The minimal difference in performance between
the training and test runs confirms that the model generalizes effectively without over fitting, making it a
robust predictive tool for cost estimation.

Linear Regression (Downtime Hours)

Predicted vs Actual Downtime Hours (Training data)
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FIGURE 7. Linear Regression on Downtime Hours: training data

Figure 7. Linear regression of downtime: Training data - The scatter plot demonstrates the effectiveness
of linear regression in predicting downtime on the training set. The diagonal reference line is where the
points converge most closely, showing accurate predictions. This indicates that the model effectively
captures the relationship between actual and predicted downtime, ensuring strong reliability.
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Predicted vs Actual Downtime Hours (Testing data)
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FIGURE 8. Linear Regression on Downtime Hours: testing data

Figure 8. Linear regression of idle times: Test data - A scatterplot comparing actual and predicted idle
times using linear regression of the test data. The data points are closely distributed around the diagonal
line, indicating high prediction accuracy. This demonstrates the generalization ability of the model,
effectively capturing idle time patterns beyond training, ensuring reliable performance on unobserved
data.

TABLE 4. Performance Metrics of Linear Regression on Downtime Hours (Training Data and Testing

Data)
Property | Data | Symbol Model R2 EVS MSE RMSE MAE MaxError | MSLE | MedAE
Downtime | Train LR Linear 0.96048 | 0.96048 | 4.70639 | 2.16942 | 1.67454 | 7.66479 | 0.01003 | 1.48842
Hours Regression
Test LR Linear 0.94721 | 0.95570 | 5.96593 | 2.44253 | 2.03631 | 4.94661 | 0.01070 | 1.52011
Regression

Table 4 shows the robust and effective performance of the linear regression model for predicting
downtime times. This model successfully explains about 95% of the variance in downtime, demonstrating
a very excellent fit, with an R2 value of 0.960 on the training data and 0.947 on the test data. The mean
absolute error (MAE) is roughly 1.7 hours on the training data and 2.0 hours on the unobserved test data,
indicating that the error measures are consistent and fair. The model's good generalization to new data
without noticeable over fitting is confirmed by the small increase in errors like RMSE and MAE on the test
set
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Linear Regression (Resource Utilization)

Predicted vs Actual Resource Utilization (Training data)
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FIGURE 9. Linear Regression on Resource Utilization: training data

Figure 9 depicts the linear regression model's performance on the training data for resource utilization.
The predicted values show strong alignment with the actual data along the diagonal reference line,
highlighting the model's capacity to precisely depict usage trends. The minimal deviations confirm its
reliability and performance in the training phase predictions.

Predicted vs Actual Resource Utilization (Testing data)
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FIGURE 10. Linear Regression on Resource Utilization: testing data

Figure 10 shows the effectiveness of the linear regression model in evaluating the resource usage of the
data. The expected and actual numbers are nearly identical. data along the diagonal reference line,
indicating strong predictive accuracy. The finite variance reflects the strength of the model and its ability
to generalize effectively when applied to unobserved utilization data.
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TABLE 5. Performance Metrics of Linear Regression on Resource Utilization (Training Data and Testing

Data)
Property | Data | Symbol Model R2 EVS MSE RMSE MAE MaxError | MSLE | MedAE
Resource | Train LR Linear 0.94110 | 0.94110 | 16.26639 | 4.03316 | 3.21849 | 10.61438 | 0.00496 | 2.69602
Utilization Regression
Test LR Linear 0.95920 | 0.96071 | 11.83620 | 3.44038 | 2.30881 | 8.58281 | 0.00325 | 1.32935
Regression

Table 5 demonstrates the best and most effective predictive ability of the linear regression model for
resource utilization. Interestingly, its performance on the unobserved test data is superior to that on the
training data. The R2 value improves from 0.941 in the training set to 0.959 in the test set, indicating that
the model explains more than 95% of the variance in the new data. All error metrics, including MAE
(=3.22 to ~2.31) and RMSE (~4.03 to ~3.44), decrease significantly in the test set. This rare result
indicates a very robust model that generalizes exceptionally well, outperforming its own training
performance.

Linear Regression (Timeline Weeks)

Predicted vs Actual Timeline Weeks (Training data)
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FIGURE 11. Linear Regression on Timeline Weeks: training data

Figure 11 illustrates the linear regression model's performance using the training data for the project
timeline (weeks). The actual values nearly match the projected values data along the diagonal reference
line, showing a strong correlation. The minimum variance highlights the accuracy and efficiency of the
model in capturing timeline patterns during training, ensuring reliable estimation of project durations.
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Predicted vs Actual Timeline Weeks (Testing data)
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FIGURE 12. Linear Regression on Timeline Weeks: testing data

Figure 12 presents the performance of the linear regression model on the test data for the project timeline
(weeks). The predicted values agree well with the actual values on the diagonal reference line,
demonstrating strong predictive accuracy. The limited dispersion indicates the robustness of the model
and its generalizability effectively to estimate project timelines in unobserved data.

TABLE 6. Performance Metrics of Linear Regression on Timeline Weeks (Training Data and Testing

Data)
Property | Data | Symbol Model R2 EVS MSE RMSE MAE MaxError | MSLE | MedAE
Timeline | Train LR Linear 0.92027 | 0.92027 | 9.61884 | 3.10143 | 2.55255 | 7.43343 | 0.01460 | 2.23248
Weeks Regression
Test LR Linear 0.89544 | 0.89999 | 12.46466 | 3.53053 | 2.92805 | 6.64516 | 0.01458 | 2.62368
Regression

Table 6 shows that the Linear Regression model for the timeline weeks performs well, although a
slight decline in the test set indicates a small over fit. The High R2 values of 0.895 for the test and 0.920
for the train validate that the model successfully captures the underlying trend, explaining almost 90% of
the variation in the project timeline. The error measures are reasonable and aligned; the MAE increases
from approximately 2.55 to 2.93 weeks in the test data, while the RMSE moves from 3.10 to 3.53 weeks.
This consistent performance across the datasets demonstrates the robust utility of the model for project
timeline forecasting, with the test errors within acceptable limits for planning purposes.

CONCLUSION

Based on the detailed analysis presented in this research paper, several important conclusions
emerge regarding SAP S/4HANA migration strategies and deployment optimization. The empirical
modelling approach successfully demonstrates the interconnected nature of migration parameters, with
migration complexity acting as the primary driver for all other project variables, including estimated costs,
downtime requirements, resource utilization, and implementation timelines. The strong positive
correlations identified across all variables, particularly the 0.99 correlation between migration complexity
and estimated cost, provide organizations with a reliable framework for strategic planning and budget
allocation. The linear regression models consistently achieved exceptional predictive accuracy across all
migration parameters, with R2 values exceeding 0.89 in all cases, rising as high as 0.99 for migration
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complexity predictions. This remarkable performance confirms the effectiveness of statistical modelling in
enterprise resource planning transformation projects. The minimal performance degradation between the
training and test datasets confirms that these models have strong generalization capabilities, making
them valuable tools for real-world migration planning scenarios. The research findings emphasize that
successful SAP S/4HANA adoption requires careful consideration of the cascading effects of complex
decisions on overall project outcomes. Using these predictive models, organizations can make informed
decisions about their transformation approach, whether to pursue Greenfield implementations, brownfield
conversions, or hybrid deployment strategies. The data clearly indicates that while more complex
migrations require a greater investment in terms of time, resources, and financial commitment, they often
deliver proportionally greater transformation benefits through advanced real-time analytics, embedded
artificial intelligence, and streamlined business processes. This comprehensive analysis provides
organizational decision makers with essential insights to guide their digital transformation journey. By
understanding the measurable relationships between migration parameters, organizations can optimize
their SAP S/4AHANA deployment strategies, ensure adequate resource allocation, and establish realistic
timeline expectations. The robust predictive capabilities demonstrated by this research empower
businesses to confidently pursue their intelligent enterprise objectives, ultimately reducing implementation
risks and delivering a higher return on investment, while achieving sustainable competitive advantages in
an increasingly digital marketplace.
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