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Analyzing Supply Chain Efficiency in HAL's Avionics Division Using SPSS: A
Statistical Exploration

At HAL's Avionics Division, a purchase officer is essential to the acquisition and administration of
supplies, parts, and services required for the production of cutting-edge avionics systems. One of India's
leading aerospace and defense companies, HAL (Hindustan Aeronautics Limited), is an expert in the
design and manufacture of avionics, aircraft, and helicopters. In this section, the purchase officer is in
charge of making sure that high-quality materials such as electronics, hardware, and software are
acquired on time for the development and upkeep of avionics systems. To meet production and
operational requirements, this entails choosing a vendor, negotiating contracts, and working closely with
internal teams. A deep comprehension of the standards, laws, and quality control procedures of the
aerospace sector is also necessary for the position. The purchase officer is also responsible for inventory
management, cost control, and adherence to both domestic and foreign procurement regulations. They
essentially help HAL achieve its goal of precisely and dependably advancing India's aerospace
capabilities. Research significance: In order to guarantee the prompt acquisition of specialized materials
and components needed for state-of-the-art avionics systems, the purchase officer at HAL's Avionics
Division is essential. The Purchase Officer contributes to the upkeep of HAL's standing as a top
aerospace manufacturer by overseeing vendor relationships, negotiating contracts, and making sure that
strict quality standards are followed. Their knowledge guarantees that HAL's avionics systems, which are
essential for both military and commercial uses, are outfitted with the newest technology, advancing both
technology and national security. Methodology: statistical analysis in a variety of domains, including
business, healthcare, and social science, is SPSS. With its graphical user interface and syntax-based
instructions, SPSS is easy to use for both novice and expert users. It is a useful tool for academics,
analysts, and decision-makers because to its strong capabilities. Input Parameters: Candidate ID,
Education Qualification, Experience, Defense Knowledge, Vendor Management, SAP Familiarity,
Certifications. Evaluation Parameters: Decision-Making, Technical Knowledge, Communication Skills,
Negotiation Skills, Adaptability.

Keywords: Purchase Officer, Avionics Division, Vendor Management, SPSS.
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INTRODUCTION

The internal procurement and purchasing practices of a company. It describes the conditions for
issuing purchase orders, stating that each purchase over £100 or when a supplier invoice is anticipated
requires a buy order. It also makes clear when a purchase order is not necessary, like in petty cash
transactions or routine contract purchases. It is stressed how crucial it is to maintain an approved
suppliers list in the Sage accounting system and to have an authorized individual approve purchase
orders prior to submission. The setting emphasizes the necessity of making sure that the products or
services obtained fulfill the requirements specified in the purchase order and the procedure for
authorizing invoices for payment. It also encourages buyers to get estimates, especially from vetted
vendors, in order to find the best deal. All things considered, the document acts as a manual for efficient
purchasing procedures inside the company, guaranteeing value and compliance in procurement
operations. [1] The changing function of purchasing personnel in businesses, highlighting the necessity of
targeted outsourcing and strategic purchasing. It emphasizes how crucial it is to provide purchasing staff
with the abilities and information needed to carry out a range of business intelligence tasks, including
keeping an eye on market trends and overseeing supplier-buyer interactions.

The report emphasizes how important it is for purchasing employees to become more visible
within the organization so they can join cross-functional teams and help develop strategies. In a
globalized market where cultural awareness and negotiating abilities are crucial, training and
development are recognized as essential elements in preparing purchasing employees for greater
responsibility. The report also emphasizes the need for purchasing personnel to do continuous research
and information collection in order to adjust to shifting market conditions. Building trusting relationships
with suppliers and improving departmental collaboration require this proactive approach. In order to
accomplish organizational objectives and keep a competitive edge in the market, purchasing must be
integrated with marketing, finance, and operations. the importance of purchasing strategy in modern
business operations and the requirement for ongoing professional development in this area. [2]

The aviation industry's procurement procedures, in particular the protracted lead time between
purchase orders and purchase requisitions for standard part commodities. It emphasizes how important
effective procurement procedures are to an organization's overall functioning, especially in sectors with
intricate supply networks. Inefficient processes, manual procedures, bureaucratic documentation,
inadequate data management, and a lack of departmental communication are some of the factors
causing these delays. These delays have serious repercussions, including diminished customer
satisfaction, possible delays in product delivery, and disturbances in other departments. The study offers
answers to these problems, and its conclusion suggests combining a vendor management system with e-
procurement. It has been demonstrated that this application addresses the major problems found in the
procurement department by greatly cutting lead times, increasing operational effectiveness, and raising
customer happiness. [3] An aircraft company's customer service department, specifically with regard to
post-purchase assistance. The workload for this division is growing as a result of client expectations to
keep aircraft in serviceable condition. Significant problems are highlighted in the document, including a
high volume of customer complaints and low customer satisfaction, which are linked to lengthy lead times
for deliveries and subpar materials. The Board has set the objective for the Customer Support division to
grow its current business, which is valued at about US$20 million a year, to an estimated $100 million in
the near future. In order to tackle these issues, the study uses the DMAIC technique to pinpoint the
underlying reasons, paying special attention to the purchasing strategy, which is acknowledged as a
crucial element influencing how well procurement supports customer service.

The objective is to create plans that would reduce monetary losses and raise general customer
satisfaction in the aerospace industry. [4] the aviation sector, especially when evaluating vendors and
making purchasing decisions. It draws attention to how complicated the aircraft industry is, involving
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complex engineering procedures, meticulous procurement procedures, and advanced managerial
techniques. In order to preserve vital data about raw materials, manufacturing procedures, test results,
and performance reviews over the course of the aircraft's lifecycle, the article highlights the importance of
keeping an extensive database management system. Procurement managers frequently have to make
decisions that involve examining vendor requirements, prices, and delivery methods. By using data
mining to extract useful insights from current databases, the study hopes to improve supplier performance
evaluation and demand predictions. Effective data mining, according to the findings, can result in
significant cost savings, enhanced operational performance, and lower procurement process risks. [5]

The aerospace sector in India. It emphasizes how important these collaborations are for tackling
economic and environmental issues while gaining a competitive edge. The study is situated within the
framework of the Indian government's programs, including "Atmanirbhar Bharat" and "Make in India,"
which are designed to foster strategic partnerships and increase self-reliance in aerospace and defense
manufacturing. Increased military spending and foreign direct investment have supported the fast
expansion of the Indian aerospace sector. The study highlights the particular difficulties that aircraft
supply chains encounter, such as material procurement, safety regulations, and environmental issues. In
order to accomplish sustainability goals and integrate economic, social, and environmental criteria for
long-term survival, it emphasizes how crucial it is for supply chain partners to work together. The project
aims to investigate the variables influencing the ecological and environmental challenges connected to
sustainability in the aerospace industry, as well as to build a framework for supplier partnerships that
support sustainable supply chains. The paper's overall goal is to close the gap in the literature on supply
chain procedures unique to the Indian aerospace sector. [6] A management server and a client that
connects to the server via a web application make up this platform. The management server has a
management operation system with multiple modules and a database that holds pertinent data. Purchase
management, asset management, supplier management, system configuration, and data statistical
analysis are all included in these modules. One of the platform's primary features, which attempts to
provide convenient and centralized management, is the combination of asset management and
purchasing management. The platform is a useful tool in the aviation sector since this strategy aims to
lower the overall management expenses for aviation businesses. The innovation highlights how crucial
strong management systems are to raising operational efficacy in the aviation industry. [7]

The importance of service and material delivery in the aviation sector. It draws attention to how
heavily aeronautical firms depend on outside businesses for a range of requirements, including as
operating supplies, materials, standard parts, modules, components, and services. The report highlights
that these companies are solely accountable for the caliber of the goods they purchase, which is subject
to strict aviation regulations. A thorough procurement procedure is necessary to fulfill this obligation and
guarantee that all goods and services fulfill the necessary requirements. Since it is crucial to trace the
origin of materials from their source to their installation in aircraft, the significance of traceability in the
material flow is also emphasized. Maintaining the safety and dependability of aircraft operations as well
as adhering to aviation laws depend heavily on this traceability. All things considered, the aerospace
industry's procurement of goods and services is presented as a crucial component that affects both
operational effectiveness and legal compliance. [8] AHP, TOPSIS, and SECA are three MCDM
techniques used in the Aerospace & Defense (A&D) industry's supplier selection process. By identifying
and suggesting other factors that businesses should take into account, like sustainability and technology,
it seeks to improve the current supplier selection procedures. The impact of these extra factors on
supplier rankings and the company's overall success is examined in this article. It draws attention to the
difficulties that businesses in the A&D sector confront, especially those that collaborate closely with
governmental organizations and work on next-generation technology.

In order to guarantee quality, sustainability, and financial stability, adding additional criteria might
drastically modify the supplier selection process and call for a thorough overhaul of operational
procedures. The study also highlights how crucial it is to standardize the supplier selection procedure,
which presents a significant obstacle in the defense and aerospace sectors. The study uses a case study

4
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to compare existing procedures and show the possible advantages and challenges of adding more
criteria to the framework for making decisions. [9] At first, the emphasis was on commercial airliner
procurement, which was increasing as a result of the public sector carriers Indian Airlines and Air India
expanding their fleets. During that period, their purchases relied on countertrade by exporting
commodities or other unrelated goods. Although it was still mostly considered Counter Trade, the Ministry
of Civil Aviation (MOCA) eventually accepted offsets as a result of the persistent efforts. There is currently
no established policy regarding offsets for civil aviation. Given the massive increase in commercial
aviation that is being seen and anticipated in the long run, there is a significant chance to employ offsets
to expand Indian civil aviation. Large aircraft purchases are planned by private airlines, and the
government is promoting the quick modernization and construction of new airports. India should take
advantage of the USD 75 billion in offset leverage that its enormous purchasing power may provide. As
other nations like Brazil, China, Japan, South Korea, and Israel have done, the Indian government,
private airlines, and stakeholders must take it with a collective, goal-oriented agenda. The policy direction
for this segment might benefit from more investigation into the issues that have prevented offsets from
spreading throughout the civil sector. [10]

For many businesses, more than half of their cost of goods sold is made up of purchases. The
amount of material purchased increases annually and the sourcing function increasingly affects corporate
profitability. In the sourcing process, choosing the best supplier or portfolio of vendors to supply acquired
goods is arguably the most important step. Demand allocation programming and total cost sensitivity
analysis are combined in this paradigm. Considering the constraints of the aerospace industry and the
organization's operational needs, the sourcing manager can utilize the outcomes of the total cost model.
[11] the continued existence and expansion of businesses, especially in the market for aviation materials.
Every participant wants to make choices that will help them personally. It draws attention to the
peculiarities of the aviation industry, whose customers are not ordinary consumers but rather powerful
military organizations and aviation corporations. As a result, buyers have a greater influence on pricing
than sellers, changing the dynamics of supply and demand. The significance of supply chain
management (SCM) theory is also covered in the introduction, which points out that if supply chain
participants do not take one another's actions into account, overall profit maximization cannot be
accomplished. In the aviation industry, where enduring connections between customers and suppliers are
crucial, this is especially pertinent. It emphasizes that buyers aim to maintain stable partnerships while
avoiding supplier monopolization.

There are several ways to calculate purchase prices in the Bertrand competition model, and price
is recognized as a crucial component in motivating suppliers. the difficulties buyers encounter in getting
full information from suppliers, which causes them to use disparate pricing strategies based on insufficient
data. Long-term collaboration and mutual benefit maximization are the goals of this strategy. [12]
Aerospace firms must adopt a more contemporaneous and integrated approach to their operating
processes in order to be more competitive. The goal is to continuously deliver high-quality performance in
their operational procedures while meeting the essential objectives of being more agile, lean, and cost-
effective. This necessity is further framed by shifting global events, volatile markets, and advancements in
both military and commercial technology. Cost engineering issues are thus becoming the main focus of
Product Lifecycle Management (PLM), and procurement's role is seen as becoming increasingly. [13] The
introduction highlights a few facets of the aerospace supply chain management (SCM) issue. The writers
explain supply chain maturity, levels, and some of the terms used in this field. The writers are focusing on
presenting and elucidating the essential aspects of supply chain management (SCM) in the aerospace
sector, including original equipment manufacturers, procedures, and supplier selection criteria.
Information on the Quality Management System is also presented inside the aerospace industry and SCM
framework. The paper's section on information systems that are helpful for SCM is covered. The problem
of SCM success factors in the aerospace industry is the main emphasis of the paper's last section. The
writers highlight several elements and features related to aerospace supply chain management (SCM) in
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the conclusion section and list the main obstacles in this field. [14] the distinct financial traits that set
aircraft companies apart.

This covers elements including the requirement for specialized talents, lengthy development
cycles, and substantial financial expenditure. Since these traits affect these firms' cost structures and
operational efficiencies, it is essential to comprehend them in order to make well-informed make-or-buy
judgments. Strategies for Outsourcing in Various Locations The study looks at the outsourcing tactics
used by aerospace companies in Japan, the USA, and Europe. It draws attention to how these regions'
disparities in culture, economy, and regulations impact how they handle outsourcing. For example,
American businesses may promote efficiency and cost reduction, but European organizations may place
a higher priority on partnerships and collaboration. Insights into how regional tactics can influence make-
or-buy decisions are provided by this comparative analysis. Creation of a Decision-Supporting Make-or-
Buy Process The paper's creation of a methodical procedure to assist in make-or-buy decisions is one of
its major contributions. In order to improve decision-making efficiency in aerospace firms and enable them
to adjust to evolving market conditions and technical breakthroughs, the article offers a methodical
approach. [15]

MATERIALS & METHODS

Input Parameters: Candidate ID, Education Qualification, Experience, Defense Knowledge, Vendor
Management, SAP Familiarity, Certifications.

1. Candidate ID: Each candidate is given this special identification number. It guarantees the easy
tracking of each applicant's data during the hiring process. It facilitates candidate management,
guaranteeing that the appropriate applicant is chosen without error and that their information is
readily available.

2. Education Qualification: In order to evaluate a candidate's theoretical knowledge and
comprehension of pertinent areas, education is essential. Degrees or certificates in disciplines
like supply chain management, mechanical engineering, avionics, electrical engineering, or
aerospace technology may be required for a position as a purchase officer at HAL. Post-graduate
degrees and other advanced degrees may also be valued, particularly those pertaining to
defense technology or corporate management.

3. Experience: Experience is the length of time a candidate has worked in related sectors such
defense contracting, avionics systems, vendor management, or procurement. A purchase officer
must have a strong grasp of industry standards and laws, as well as extensive expertise
managing intricate procurement activities, negotiating with vendors, and guaranteeing the timely
delivery of products. Success in this position can be strongly predicted by prior experience
working for defense companies or in positions requiring accuracy and adherence to government
procurement procedures.

4, Defense Knowledge: The position of Purchase Officer requires a thorough understanding of the
military industry, especially in the areas of aircraft and avionics. This knowledge involves being
acquainted with the particular parts, supplies, and technology utilized in the defense sector as
well as the rules pertaining to compliance and procurement. The officer can make well-informed
decisions that support both operational and strategic objectives by having knowledge of defense
contracts, quality assurance requirements, and national security considerations.

5. Vendor Management: A key component of this position is efficient vendor management. The
capacity to choose trustworthy suppliers, negotiate contracts, and make sure vendors fulfill quality



www.sciforce.org

and delivery requirements are all necessary for the purchase officer. Maintaining long-term
partnerships, resolving disputes, and ensuring cost-effectiveness without sacrificing timeliness or
quality are all components of strong vendor management.

SAP Familiarity: Systems Applications and Products is an enterprise resource planning (ERP)
system extensively employed in major firms like HAL. Familiarity with SAP is vital as it enables
the Purchase Officer manage procurement operations, track inventories, assess expenses, and
maintain records efficiently. SAP expertise makes it possible to integrate HAL's supply chain
management system with ease, guaranteeing accurate reporting and efficient operation.

Certifications: A candidate's qualifications can be improved by relevant certifications in
procurement, defense contracting, or supply chain management (e.g., APICS CPIM, CSCP).
These certifications add to the candidate's overall proficiency in carrying out the duties of the
position by demonstrating a dedication to professional development and a deeper comprehension
of industry best practices, legislation, and standards.

Evaluation Parameters: Decision-Making, Technical Knowledge, Communication Skills,
Negotiation Skills, Adaptability.

1.

Decision-Making: A purchase officer's ability to make timely and well-informed judgments about
inventory management, contract negotiations, vendor selection, and procurement is essential.
These choices affect not just the price and caliber of materials but also the projects' timely
completion. A competent decision-maker is able to assess a number of variables, such as vendor
dependability, delivery schedules, quality standards, and cost effectiveness. To guarantee that
HAL's avionics systems are manufactured effectively and within financial restrictions, it is
essential to have the capacity to critically assess situations, balance advantages and
disadvantages, and decide on the optimal course of action. Proactively recognizing and
minimizing risks is another aspect of effective decision-making.

Technical Knowledge: A significant technical understanding of the materials, systems, and
components utilized in aerospace and military is required of a purchase officer in the avionics
division. Understanding the requirements for the hardware, software, electronics, and avionics
systems that are essential to HAL's products is part of this. The purchase officer can make well-
informed decisions on suppliers and guarantee that the components and materials acquired fulfill
the necessary performance and safety requirements by using technical expertise. It is also easier
to evaluate vendor capabilities, product quality, and the viability of materials for certain projects
when one is aware of the technical aspects of procurement. Maintaining high levels of quality in a
highly specialized profession like avionics requires the ability to comprehend technical
specifications.

Communication SkKills: Since a purchase officer must communicate with a variety of stakeholders,
such as vendors, internal teams, management, and governmental organizations, effective
communication is essential to their job. Smooth procurement operations depend on the capacity
to negotiate contracts, communicate complex information in an understandable way, and give
clear directions. Strong communication skills both in writing and speaking enable the officer to
prepare comprehensive procurement documents, negotiate successfully, and make sure that
everyone is on the same page about needs, deadlines, and expectations. Furthermore, effective
communication builds trust and collaboration among team members, suppliers, and vendors.
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4. Negotiation Skills: Securing the best deals requires the purchase officer to have great negotiation
abilities because part of their job include choosing vendors and negotiating contracts. In addition
to discussing prices, negotiations usually entail settling on conditions pertaining to quality control,
delivery dates, and post-purchase assistance. Effective negotiation skills enable cost reductions
while maintaining adherence to quality and regulatory requirements. A competent negotiator can
manage challenging circumstances, settle disagreements, and come up with solutions that are
advantageous to HAL and its suppliers, eventually enhancing operational effectiveness and cost-
effectiveness.

5. Adaptability: With shifting laws, new technology, and shifting market dynamics, the aerospace
and defense industries are extremely dynamic. As a result, the capacity to adapt is crucial for the
purchase officer. They must be able to react quickly to supply chain interruptions, budgetary
restrictions, and modifications in project requirements. The capacity to pick up and apply new
technology, such procurement software or new sourcing techniques, fast is another aspect of
adaptability. Without sacrificing the goals of the company, a flexible purchase officer can manage
unforeseen difficulties like modifications in government procurement regulations or changes in the
availability of materials.

SPSS Statistics

IBM's SPSS Statistics is a robust program that is well-known for its extensive capabilities in data
administration, statistical analysis, and visualization. SPSS was first created for use in the social
sciences, but it has since expanded to include fields including sociology, psychology, business,
economics, healthcare, and more. Researchers, analysts, and students use this flexible tool frequently
because it allows them to evaluate intricate datasets, extract insightful information, and make judgments
based on solid evidence. [16] IBM's SPSS Statistics is a robust statistical analysis package with an easy-
to-use interface and a variety of sophisticated capabilities for extracting valuable insights from data. It
facilitates accurate data interpretation and helps make well-informed judgments thanks to its advanced
analytical capabilities. The whole analytics process, including data organization, manipulation, in-depth
analysis, and results presentation, is streamlined by SPSS. Widely used in a variety of fields, including
surveys, market research, healthcare, education, social sciences, government, marketing, and data
mining, SPSS is renowned for its adaptability. Known for enabling researchers to perform statistical
analysis on their own, SPSS provides a comprehensive feature set for managing, analyzing, and
documenting data. [17]

Through user-friendly pull-down menus or by using a proprietary 4GL command syntax language
for programming, users can take advantage of the software's many features. Benefits of command syntax
programming include enhanced data analysis and manipulation skills, effective handling of repetitive jobs,
and reproducible outputs. Some of the more complex capabilities can only be accessed by syntax
programming, not the menu structure. The output can show the command syntax that the pull-down menu
interface automatically generates by altering the default parameters. Additionally, users can insert the
created syntax straight into a syntax file by using the "paste" button on each option, which streamlines the
procedure. The bundled Production Job Facility in SPSS allows for both automated and interactive
program execution. [18] From simple descriptive statistics to more complex predictive modeling methods,
SPSS is renowned for its strong statistical analytic skills. The capacity of SPSS to calculate descriptive
statistics, which provide a thorough summary of a dataset's primary features, is one of its primary
features. These statistics, which include measurements like variance, standard deviation, mean, median,
mode, and range, aid in determining patterns in distribution, spread, and central tendencies. Additionally,
SPSS offers a range of visualization tools, such as boxplots, pie charts, bar charts, and histograms, which
aid in the intuitive understanding and interpretation of data trends and patterns. [19]

8
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Testing hypotheses and drawing conclusions about larger populations from sample data depend
heavily on inferential statistics. A wide variety of inferential statistical tests are available in SPSS to
handle different research objectives and hypotheses. These analyses are easy to perform thanks to
SPSS's user-friendly interface. Furthermore, non-parametric tests are supported by SPSS for data that
deviates from normality assumptions, guaranteeing accurate and reliable statistical results for a variety of
datasets. [20] Effective data administration is crucial for statistical analysis, and SPSS provides a range of
tools for importing, cleaning, and editing data. It allows for smooth integration from several sources by
supporting a variety of data formats, including Excel, CSV, and database files. SPSS provides tools to
handle outliers, find and handle missing data, and recode variables in accordance with the requirements
of the analysis. Users can also combine datasets, aggregate data according to variables or instances,
and generate new variables through transformations, which improves the analytical process overall and
increases the efficiency of data preparation. [21] By offering sophisticated modeling capabilities for
intricate research requirements, SPSS goes beyond simple statistical analysis.

The program is perfect for in-depth real-world scenario analysis since it also provides survival
analysis and logistic regression for modeling categorical and time-dependent outcomes. SPSS makes
these sophisticated methods approachable with its user-friendly interfaces and methodical workflows,
enabling researchers to confidently and accurately address challenging research issues. [22] SPSS
makes it easier to explore and communicate research findings by combining a wide range of data
visualization tools with sophisticated analytical capabilities. To identify trends and patterns in their data,
users can generate a variety of visual displays, including heatmaps, area charts, line graphs, and scatter
plots. Users can alter formatting, colors, and labels for better clarity thanks to the software's wide degree
of customization. Additionally, SPSS allows for interactive visualizations, which let users interact with their
data in real time by examining various dataset components or zooming in on particular regions. [23]
Because of its robust capabilities and commitment to user-friendliness, SPSS Statistics continues to
enjoy great esteem. With an easy-to-use interface, comprehensive documentation, and a wealth of online
assistance, it serves a broad range of users, from novices to seasoned pros. Through interactive lessons,
community involvement, and professional advice, SPSS enhances users' abilities and self-assurance in
handling intricate data processes by enabling them to effectively handle complex data analysis tasks. [24]
Because of its reputation for adaptability, reliability, and ease of use, SPSS Statistics is an essential tool
in modern statistical analysis. It offers a wide range of capabilities to meet different research demands
and analytical jobs, from simple descriptive statistics to sophisticated modeling techniques. SPSS is a
popular option for researchers, analysts, and students worldwide because of its user-friendly design,
robust analytical features, and constant dedication to innovation. SPSS is crucial for knowledge and
research advancement because it supports decision-making, facilitates discoveries, and advances
knowledge across a variety of fields and sectors. [25]

RESULT AND DISCUSSION

TABLE 1. Reliability Statistics

Reliability Statistics

Cronbach's Cronbach's N of Items
Alpha Alpha Based
on
Standardized
ltems
.967 .974 5
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The table 1 presents reliability statistics, specifically focusing on Cronbach's Alpha, which measures the
internal consistency or reliability of a set of items (such as questions or survey items) that are designed to
assess a specific construct. In this case, the Cronbach's Alpha value is 0.967, which indicates excellent
reliability, as values above 0.9 suggest a high level of internal consistency. The Cronbach's Alpha Based
on Standardized Items is 0.974, which also shows very strong consistency after standardization. The N of
ltems is 5, meaning there are five items in the scale being assessed. These statistics suggest the
instrument is highly reliable.

TABLE 2. Reliability Statistic individual

Cronbach's

Alpha if Item

Deleted
Decision-Making 0.958
Technical Knowledge 0.961
Communication Skills 0.96
Negotiation Skills 0.953
Adaptability 0.959

The table 2 shows the Cronbach's Alpha if ltem Deleted for each individual item in the scale. This value
indicates how the internal consistency (reliability) of the overall scale would change if each specific item
were removed. For instance, if the Decision-Making item were deleted, the Cronbach's Alpha would be
0.958, slightly lower than the overall scale. Similarly, Technical Knowledge (0.961) and Communication
Skills (0.960) have very high values, suggesting that each item contributes significantly to the overall
reliability. The values indicate that removing any single item would not drastically reduce the scale's
reliability, implying that all items are valuable and contribute to a highly consistent measure.
TABLE 3. Descriptive Statistics

Descriptive Statistics

N Ran | Mini | Maxi | Sum Mean Std. Vari Skewness Kurtosis
ge | mum | mum Deviatio | ance
n
Stati | Stati | Stati | Statis | Stati | Stati | Std. | Statistic | Stati | Stati | Std. | Stati | Std.
stic stic stic tic stic stic | Error stic stic | Error | stic | Error
Decision- 30 3 2 5] 109 | 3.63| .200 1.098 | 1.20 - | 427 -| .833
Making 6| .197 1.23
9
Technical 30 2 3 5| 126 | 4.20| .139 761 | .579 - | 427 -| .833
Knowledge .362 1.14
1
Communicati 30 2 3 5| 127 | 4.23| .141 7741 599 - | 427 -] .833
on Skills 441 1.16
0
Negotiation 30 3 2 5] 110 | 3.67| .200 1.093| 1.19 - | 427 -| .833
Skills 5| .289 1.17
4
Adaptability 30 2 3 5| 123 | 4.10| .147 .803 | .645 - | 427 -| .833

10
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.188 1.40

Valid N 30
(listwise)

The Descriptive Statistics table 3 provides a summary of key statistical measures for each of the
five variables: Decision-Making, Technical Knowledge, Communication Skills, Negotiation Skills, and
Adaptability, based on a sample of 30 respondents. N (30) represents the total number of responses for
each item. Range shows the difference between the maximum and minimum values for each variable
(e.g., Decision-Making has a range of 3, indicating a spread from 2 to 5). Minimum and Maximum
represent the lowest and highest scores reported. Sum is the total sum of all responses for each variable
(e.g., Decision-Making has a sum of 109). Mean is the average score for each item, with Communication
Skills having the highest mean at 4.23 and Decision-Making the lowest at 3.63. Standard Deviation and
Variance measure the spread of data. A larger standard deviation (e.g., Decision-Making at 1.098)
suggests more variability in responses. Skewness measures the asymmetry of the data distribution.
Negative skewness values (e.g., Decision-Making at -0.197) indicate a slight left skew, meaning most
scores are clustered on the higher side of the scale. Kurtosis measures the peakedness of the
distribution. Negative kurtosis (e.g., -1.239 for Decision-Making) suggests a distribution that is flatter than
normal, indicating fewer extreme scores.

TABLE 4. Frequencies Statistics

Statistics
Decision- Technical Communication Negotiation Adaptability
Making Knowledge Skills Skills

N Valid 30 30 30 30 30
Missing 0 0 0 0 0
Median 4.00 4.00 4.00 4.00 4.00
Mode 4 42 5 4 42
Percentiles | 25 3.00 4.00 4.00 3.00 3.00
50 4.00 4.00 4.00 4.00 4.00
75 5.00 5.00 5.00 5.00 5.00

a. Multiple modes exist. The smallest value is shown

The Frequencies Statistics 4 Table summarizes the distribution of responses for five variables:
Decision-Making, Technical Knowledge, Communication Skills, Negotiation Skills, and Adaptability, using
key metrics like the Median, Mode, and Percentiles. N (Valid) indicates that all 30 responses were valid
for each variable, with no missing data. The Median (the middle value) for all variables is 4.00, suggesting
that the majority of responses are centered around this value, indicating consistency in ratings. The Mode
(most frequently occurring value) is 4 for most variables, except for Communication Skills, which has a
mode of 5. Variables with multiple modes (indicated by a note) display the smallest mode in the table.
The Percentiles provide a deeper insight into the spread of responses: The 25th percentile represents the
value below which 25% of the data fall (e.g., 3.00 for most variables, showing a slightly lower spread in
the lower quartile). The 50th percentile (Median) is consistently 4.00 for all variables. The 75th percentile
is 5.00, indicating that 75% of responses are below or equal to 5, showing a high concentration of upper-
range scores. This data highlights that participants generally rated these variables positively, with the

11
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majority of responses clustering around 4 or higher, suggesting overall strong evaluations across all
parameters.

Histogram Plot

Decision-Making

Mean =3.63
Std. Dev.=1.088
=30

g

Frequency
b

-
1

o T T T T T T
1 2 3 4 3 3

Decision-Making

FIGURE 1. Decision-Making

This figure 1 depicts a histogram of the frequency distribution for decision-making scores in a
sample of 30 individuals (N = 30). The histogram bars show the count of individuals within specific
intervals of decision-making scores. Overlaying the histogram is a normal distribution curve that
represents the theoretical normal distribution of the data. The mean (average) decision-making score is
reported as 3.63, with a standard deviation (Std. Dev.) of 1.098. This indicates that most scores are
centered around 3.63, with typical deviations of approximately +1.1 from the mean. The distribution
appeatrs relatively symmetrical, with most frequencies concentrated between scores of 3 and 5. There are
fewer individuals at the extremes, as seen with lower frequencies at the tails of the histogram. The
overlayed normal curve suggests the data approximates a normal distribution, though minor deviations
from normality might exist. Overall, this visualization provides insights into the central tendency, spread,
and distribution shape of decision-making scores, indicating a moderately centered and relatively normal
pattern in the sample's decision-making abilities. Further analysis could explore whether this distribution
meets assumptions for inferential statistical methods.
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Technical Knowledge
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FIGURE 2. Technical Knowledge

This figure 2 represents a histogram of the frequency distribution for technical knowledge scores
among a sample of 30 individuals (N = 30). The histogram bars indicate the number of participants with
scores within specific ranges of technical knowledge. Superimposed on the histogram is a normal
distribution curve, which suggests how closely the data approximates a theoretical normal distribution.
The mean technical knowledge score is 4.2, with a standard deviation (Std. Dev.) of 0.761. This shows
that the average technical knowledge score is slightly above 4, and typical scores vary by approximately
+0.76 around this mean. The histogram reveals a concentration of scores within the range of
approximately 4 to 5, with fewer individuals scoring below 3.5 or above 5.5. The normal curve aligns
reasonably well with the distribution of the data, suggesting that the data is fairly symmetrical and
approximately normal. This visualization indicates that technical knowledge levels in this sample are
relatively high and clustered around the mean. While the normal curve provides a good fit, additional
statistical tests (e.g., normality tests) could confirm whether the data fully adheres to normal distribution
assumptions for further analysis.
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Communication Skills
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FIGURE 3. Communication Skills

This figure 3 shows a histogram with an overlaid normal curve representing the distribution of
Communication Skills scores. Let me analyze the key aspects of this visualization: The graph displays: A
histogram with 3 bars showing the frequency distribution of Communication Skills scores A normal curve
(bell curve) superimposed over the histogram X-axis labeled "Communication Skills" ranging from
approximately 2.5 to 4.5 Y-axis labeled "Frequency" ranging from 0 to about 20 Statistical information
shown in the top right corner: Mean = 3.73 Standard Deviation = 0.774 N = 200 (sample size) The
distribution appears to be slightly skewed to the right (positively skewed), as the highest frequencies are
concentrated in the middle and right portions of the graph. The bars show: A low frequency (around 5) for
scores between 2.5-3.0 moderate frequency (around 10) for scores between 3.0-3.5 The highest
frequency (around 12-13) for scores between 3.5-4.5 This suggests that most participants demonstrated
above-average communication skills, with fewer individuals scoring on the lower end of the scale. The
normal curve overlay helps visualize how the actual distribution compares to what would be expected in a
perfectly normal distribution.
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Negotiation Skills

Mean =3 67
Std. Dev. =1.083
M=30

10

Frequency

0 T T T T T T
1 2 3 4 E B

Negotiation Skills

FIGURE 4. Negotiation Skills

This figure 4 presents a histogram with a normal curve overlay showing the distribution of
Negotiation Skills scores. Let me break down the key components: The graph shows: A histogram with 4
bars depicting the frequency distribution of Negotiation Skills A superimposed normal curve (bell curve)
X-axis labeled "Negotiation Skills" ranging from approximately 1 to 6 Y-axis labeled "Frequency" ranging
from O to about 12 Statistical information displayed in the top right corner: Mean = 3.67 Standard
Deviation = 1.093 N = 200 (sample size) The distribution appears to be relatively normal (bell-shaped),
with: Lower frequencies (around 6) for scores between 1-2 Similar frequencies (around 6) for scores
between 2-3 Highest frequency (about 10) for scores between 3-4 Moderate frequency (about 8) for
scores between 4-5 This distribution suggests that negotiation skills among participants cluster around
the mean of 3.67, with a fairly symmetric spread of scores both above and below this average. The larger
standard deviation (1.093) compared to the previous communication skills graph indicates more variability
in negotiation abilities across the sample. The data follows the normal curve fairly well, suggesting that
negotiation skills in this population are normally distributed.

Adaptability
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Std. Dev. =0.803
M =30
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Frequency
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Adaptability

FIGURE 5. Adaptability
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This figure 5 shows a histogram with a normal curve overlay depicting the distribution of
Adaptability scores. Let me analyze the key features: The graph displays: A histogram with 3 bars
representing the frequency distribution of Adaptability scores A superimposed normal curve X-axis
labeled "Adaptability" ranging from approximately 2.5 to 5.5 Y-axis labeled "Frequency" ranging from 0 to
about 15 Statistical information shown in the top right corner: Mean = 4.1 Standard Deviation = 0.803 N =
200 (sample size) The distribution appears quite uniform across the measured range, with: A frequency of
about 8 for scores between 2.5-3.5 A frequency of about 11 for scores between 3.5-4.5 A similar
frequency of about 11 for scores between 4.5-5.5 What's notable about this distribution is that it's
relatively flat compared to the normal curve overlay, suggesting a more uniform distribution of adaptability
skills in the sample than would be expected in a normal distribution. The higher mean of 4.1 indicates that
the overall adaptability scores tend toward the higher end of the scale. The moderate standard deviation
of 0.803 suggests a reasonable spread of scores around this mean.

Correlations

TABLE 5. Correlations

Correlations

Decision- Technical Communication | Negotiation | Adaptability

Making Knowledge | Skills Skills
Decision-Making 1] .833* .835** 957** .903**
Technical Knowledge | .833** 1] .972% .870** .812**
Communication Skills | .835** 972%* 1| .869* .849**
Negotiation Skills 957** .870** .869** 1| .903*
Adaptability .903** .812** .849** .903** 1
**_Correlation is significant at the 0.01 level (2-tailed).

The Correlations 5 Table presents the relationships among the five variables: Decision-Making,
Technical Knowledge, Communication Skills, Negotiation Skills, and Adaptability. Correlation values
range from O (no correlation) to 1 (perfect correlation). All values here are highly positive, indicating
strong interrelationships. Significant correlations (marked by **) are at the 0.01 level, meaning there’s a
99% confidence that these relationships are not due to chance. For example, Decision-Making has a very
high correlation with Negotiation Skills (0.957) and a strong correlation with Adaptability (0.903). Similarly,
Technical Knowledge and Communication Skills show the highest correlation (0.972), reflecting their
interdependence. These results suggest that improvements in one parameter are strongly associated with
improvements in others, highlighting their interconnectedness in evaluating performance.

Regression
TABLE 6. Model Summary
Model R R Adjusted | Std. R F dfl | df2 | Sig. F | Durbin-
Square | R Error of | Square | Change Change | Watson
Square | the Change
Estimate
Decision-Making 9622 926 914 322 926 | 77.973| 4| 25 .000 | 2.423
Technical
Knowledge .9762 .953 .945 178 .953 | 125.919 4| 25 .000 1.982
Communication
Skills .978% | .956 949 174 956 | 136.846 | 4| 25 .000 | 2.116
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Negotiation Skills 9682

937

927

.295

937

93.234

4| 25

.000

2.855

Adaptability 9302

.866

.844

317

.866

40.309

4| 25

.000

1.671

The table6 summarizes the results of regression analysis for different skills (Decision-Making,
Technical Knowledge, Communication Skills, Negotiation Skills, and Adaptability). It provides important
statistical measures to assess the relationship between the independent variables and the dependent
variable. R and R Square: The R values indicate a strong positive correlation between each skill and the
dependent variable, with values close to 1, signifying high correlation. R Square values (ranging from
0.866 to 0.953) indicate that a significant proportion of the variation in the dependent variable is explained
by the independent variables. For example, Technical Knowledge explains 95.3% of the variation, while
Adaptability explains 86.6%. Adjusted R Square: This value adjusts for the number of predictors in the
model. All values (from 0.844 to 0.949) suggest that the models fit the data well, even with the
adjustment. Std. Error of the Estimate: The values (ranging from 0.174 to 0.322) represent the average
distance between the observed data points and the regression line. Lower values indicate a more precise
model. R Square Change and F Change: These values show the improvement in model fit when each
predictor is added. F Change values (ranging from 40.309 to 136.846) are significant (p < 0.001),
indicating the predictors are statistically significant. Durbin-Watson: Values between 1.5 and 2.5 suggest
no significant autocorrelation in residuals, which is important for model validity. The values here (ranging
from 1.671 to 2.855) are within an acceptable range.

TABLE 7. ANOVA

ANOVAP
Model Sum of Mean
Squares df Square F Sig.

Decision-Making 32.372 4 8.093 77.973 .0002
Technical Knowledge 16.006 4 4.001 125.919 .0002
Communication Skills 16.608 4 4.152 136.846 .0002
Negotiation Skills 32.489 4 8.122 93.234 .000?
Adaptability 16.190 4 4.047 40.309 .0002

The table 7 presents the ANOVA (Analysis of Variance) results for the five models (Decision-Making,
Technical Knowledge, Communication Skills, Negotiation Skills, and Adaptability), which assess whether
the independent variables significantly explain variations in the dependent variable. Sum of Squares (SS):
This value indicates the total variation in the dependent variable explained by the model. For example,
Decision-Making has a Sum of Squares of 32.372, suggesting that the model explains a significant
portion of the variation in the dependent variable. Degrees of Freedom (df): The degrees of freedom (df =
4) for each model reflect the number of predictors included in the regression analysis. With four
predictors, each model tests the effect of these variables on the dependent variable. Mean Square (MS):
This is the Sum of Squares divided by the degrees of freedom. It represents the average variation
explained by each predictor. For example, the Mean Square for Decision-Making is 8.093, indicating the
average contribution of the predictors in explaining the variation. F-Statistic: The F-statistic tests the
overall significance of the model. All models have high F-values (e.g., 77.973 for Decision-Making), which
are much greater than 1, indicating that the models are statistically significant. The higher the F-value, the
more likely the model is explaining meaningful variation in the dependent variable. Significance (Sig.): All
models have a significance value of 0.000, which is below the threshold of 0.05, indicating that each
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model is statistically significant and that the independent variables explain a significant amount of
variation in the dependent variable.

Factor Analysis

TABLE 8. Communalities

Communalities

Initial Extraction
Decision-Making 1.000 .908
Technical Knowledge 1.000 .890
Communication Skills 1.000 .905
Negotiation Skills 1.000 .937
Adaptability 1.000 .883
Extraction Method: Principal Component Analysis.

The table 8. presents the communalities for each of the five skills (Decision-Making, Technical
Knowledge, Communication Skills, Negotiation Skills, and Adaptability) after performing a Principal
Component Analysis (PCA). Communalities represent the proportion of variance in each variable that is
explained by the factors extracted in the analysis. Initial Communalities: The initial values for all variables
are 1.000, which indicates that each variable initially accounts for 100% of its variance before any factors
are extracted. This is typical in PCA, as the initial values represent the total variance of the individual
variables. Extraction Communalities: These values represent the proportion of each variable's variance
explained by the factors extracted through PCA. For example, Decision-Making has an extraction value of
0.908, meaning that 90.8% of its variance is explained by the extracted factors. Similarly, the
communalities for Technical Knowledge, Communication Skills, Negotiation Skills, and Adaptability are
0.890, 0.905, 0.937, and 0.883, respectively, indicating that most of the variance in these variables is also
explained by the extracted factors. Interpretation: The extraction values being close to 1.000 suggest that
the PCA model has done a good job in capturing the majority of the variance in each variable, meaning
the factors extracted through PCA are relevant and represent the underlying structure of the data
effectively. In summary, the extraction communalities show that a high percentage of variance in each
skill is explained by the PCA model, indicating that the analysis successfully identifies the underlying
factors for each skill.

TABLE 9. Total Variance Explained

Total Variance Explained

Comp Initial Eigenvalues Extraction Sums of Squared Loadings
onent Total % of Variance | Cumulative % Total % of Variance | Cumulative %
1 4.522 90.450 90.450 4.522 90.450 90.450
2 .296 5.920 96.370

3 119 2.382 98.752

4 .039 .788 99.541

5 .023 .459 100.000

Extraction Method: Principal Component Analysis.
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The table 9 presents the results of the Principal Component Analysis (PCA) with respect to the
total variance explained by the components. It shows both the Initial Eigenvalues and the Extraction
Sums of Squared Loadings for each component. Initial Eigenvalues: These represent the total variance
explained by each component before extraction. The first component has an eigenvalue of 4.522, which
explains 90.45% of the total variance in the data. The second component has a much smaller eigenvalue
of 0.296, explaining just 5.92% of the variance, while the remaining components explain progressively
smaller amounts of variance. Extraction Sums of Squared Loadings: After extracting the components, the
variance explained by each component is summarized. The first component still explains 90.45% of the
variance, which matches the initial eigenvalue, confirming that the first component is the dominant factor.
Components 2, 3, 4, and 5 explain a smaller proportion of the variance, with cumulative totals of 96.37%,
98.75%, 99.54%, and 100%, respectively. Cumulative %: The cumulative percentage shows how much of
the total variance is explained by all the extracted components combined. After the first component, the
additional components contribute less, with the first five components explaining nearly all (100%) of the
variance. In summary, the PCA reveals that a single component accounts for most of the variance
(90.45%), with subsequent components explaining progressively smaller amounts. The first component is
the most significant, indicating that the data is likely driven by one dominant underlying factor.

CONCLUSION

At Hindustan Aeronautics Limited, one of the top aerospace and military companies in India, the
post of Purchase Officer in the Avionics Division is crucial and multifarious. The purchase officer is in
charge of acquiring the supplies, parts, and services needed for the creation and production of
sophisticated avionics systems, which are the foundation of contemporary military and commercial
aircraft. A special blend of technical expertise, strategic negotiating abilities, and an awareness of the
exacting standards of the aviation sector are required for this role. The duties of the purchase officer of
HAL's Avionics Division extend beyond simply making purchases; that guarantees the availability of high-
quality components for intricate avionics systems. In order to acquire specialized components such as
sensors, avionics software, radar systems, communication equipment, and control systems, it is
necessary to establish partnerships with both local and international vendors. In order to procure cutting-
edge products that satisfy the changing requirements of HAL's projects, the officer must also keep an eye
on market trends and technological developments. In a highly regulated industry like aircraft, where
adherence to national and international standards is crucial, the job is particularly important. A purchase
officer makes sure that every item purchased complies with safety and legal requirements as well as
HAL's quality control procedures. They are also in charge of arranging contracts that respect HAL's
financial limitations and guarantee the prompt delivery of supplies to support the airplane, helicopter, and
other avionics equipment production schedules. The services of the Purchase Officer are essential to
HAL's objective of manufacturing top-notch avionics systems. These systems are essential for improving
national security and giving India's armed forces a technological advantage. The Purchase Officer assists
HAL in upholding its standing as a pioneer in aerospace innovation by simplifying the flow of supplies,
parts, and services. They also help to ensure that the manufacturing schedules for military and civilian
avionics systems are fulfilled. Cost management is a crucial component of the purchase officer's job.
Cost-effectiveness is equally important in a subject that demands precision and high-quality materials.
The Purchase Officer makes sure that HAL can keep its competitive edge without sacrificing product
quality by striking a compromise between the requirement for premium, cutting-edge components and
budgetary limitations. They reduce procurement risks and support the organization's financial stability by
maintaining supplier relationships and regularly analyzing prices and the market. The aerospace
industry's dynamic nature, which is marked by quick technological breakthroughs, altering supply chain
dynamics, and political factors, makes the job of the purchase officer even more complicated. In order to
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meet new difficulties, such as shifting defense strategies, geopolitical conflicts, and new technical
advancements, their position is always changing. The Purchase Officer makes sure that HAL's avionics
business stays ahead of the curve and prepared to satisfy the needs of the commercial and defense
aviation sectors by remaining knowledgeable and flexible. The achievement of HAL's aim to enhance
India's aerospace and defense capabilities depends heavily on the Purchase Officer of the Avionics
Division. A direct contribution to the efficacy and efficiency of avionics manufacturing is made by the
Purchase Officer through strategic procurement, cost control, supplier cooperation, and regulatory
compliance. This guarantees HAL's continued production of innovative, superior avionics systems, which
are essential for strengthening India's position as a major participant in the global aerospace sector,
improving national defense, and advancing technology.
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Utilizing Control Engineering Principles to Evaluate the Robustness of Supply
Chains through the Employment of the EDAS Method

The robustness of supply chains has emerged as a critical factor in ensuring the resilience and
sustainability of modern global economies. This study delves into the application of control engineering
principles to assess and enhance the robustness of supply chain systems. Specifically, it employs the
EDAS method as a comprehensive framework for evaluating the robustness of complex supply chain
networks. Drawing inspiration from control theory, this research adapts principles of feedback, stability,
and adaptability to the realm of supply chains. The EDAS method offers a systematic approach for multi-
criteria decision analysis, integrating both quantitative and qualitative factors, thus enabling a more
accurate representation of the intricate dynamics inherent in supply chain systems. Through a series of
case studies across diverse industries, the study showcases the practical implementation of the EDAS
method in evaluating supply chain robustness. Various scenarios and disruptions are simulated to
analyse the network's responses and recovery mechanisms.

The results provide valuable insights into identifying vulnerabilities, optimizing contingency plans,
and improving the overall resilience of supply chains. The findings underscore the significance of control
engineering techniques in comprehensively assessing supply chain robustness, allowing for a more
nuanced understanding of the underlying dynamics. In an era marked by increasing interconnectivity and
global uncertainties, the integration of control engineering principles offers a promising avenue for
fortifying supply chains against disruptions and enhancing their long-term viability. The alternatives are
Supplier Diversity Strategy (Al), Inventory Optimization (A2), Multi-Modal Transportation (A3), Digital
Twin Implementation (A4), Local Sourcing Initiative (A5) and Redundant Production Lines (A6). The
evaluation parameters are Cost Reduction (Cl), Lead Time Reduction (C2), Resource Utilization (C3),
Environmental Impact (C4), Social Responsibility (C5), and Flexibility and Adaptability (C6). The Supply
Chain Resilience of Digital Twin Implementation (A4) is got first rank and Supplier Diversity Strategy (A1)
is got lowest rank.
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INTRODUCTION

This study builds upon the theoretical underpinnings of Pettit et al. (2010) to construct a
measuring tool aimed at aiding managers in the practical implementation of the Supply Chain Resilience
Framework. The objective is to offer guidance for enhancing the robustness of a supply chain. The article
commences with an analysis of existing literature, outlines the methodology employed for the
development and validation of the assessment tool, presents findings and suggestions drawn from its
initial application within seven global manufacturing supply chains, details empirically established
connections between vulnerabilities and capabilities, and wraps up with a summary of a trial run involving
a worldwide manufacturing company. This paper advances the notion of supply chain resilience by
conducting a thorough examination of literature related to vulnerabilities within supply chains and the
strategies employed for predicting, alleviating, and surmounting disruptions. Following this literature
review, we introduce a conceptual framework that is informed by existing research and further refined
through insights gathered from focus groups conducted at Limited Brands, Inc.

This framework delves into the various elements that contribute to supply chain resilience.
Expanding on this model, we introduce a range of theories related to the idea of supply chain resilience.
The paper wraps up by summarizing the practical considerations for utilizing supply chain resilience to
gain a competitive advantage, and suggests directions for upcoming research initiatives. The academic
literature on supply chain management (SCM) falls short in translating theory into practical guidance for
effectively implementing and operationalizing supply chain resilience. Currently, there is a limited number
of studies addressing this subject, resulting in an incomplete research landscape that lacks crucial
insights for practitioners. It achieves this by examining how strategic frameworks from SCM literature
intersect with practical emergency management processes. Quantifying the robustness of supply chains
has been approached through various methodologies by different researchers. Wu, Blackhurst, and
O’Grady (2007) utilized a Petri-net based technique to evaluate the cumulative effects of disruptions on
delivery lead times.

In a parallel manner, Carvalho and his team (2012) conducted simulations on an actual
automotive supply chain, experimenting with various design setups to enhance resilience. They gauged
resilience based on lead time discrepancies and overall expenses, treating these as distinct yardsticks of
supply chain efficacy. Right after the establishment of our conceptual framework, a subsequent question
emerged: How can we gauge the robustness of a supply chain? To address this, we set out to convert the
conceptual framework into a universally applicable evaluation process, materialized in a practical
instrument named SCRAM—an abbreviation for Supply Chain Resilience Assessment and Management.
By cross-referencing both theoretical and real-world data, we pinpointed connections between
susceptibilities and competencies, allowing supply chain managers to enhance their SCRAM assessment
outcomes with tailored suggestions for enhancing resilience. Thus, the tool presents a range of choices—
all directly linked to the specific vulnerability in question—that can be further examined to maximize the
return on investment.

Materials and Method

Material: The alternatives are Supplier Diversity Strategy (A1), Inventory Optimization (A2), Multi-Modal
Transportation (A3), Digital Twin Implementation (A4), Local Sourcing Initiative (A5) and Redundant
Production Lines (A6) used this alternative. Cost Reduction (C1), Lead Time Reduction (C2), Resource
Utilization (C3), Environmental Impact (C4), Social Responsibility (C5), and Flexibility and Adaptability
(C6) are used this evaluation parameters

Supplier Diversity Strategy: A supply chain with multiple geographically diverse suppliers to mitigate
risks associated with disruptions.

Inventory Optimization: A supply chain with efficient inventory management systems to respond quickly
to demand fluctuations.
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Multi-Modal Transportation: A supply chain that utilizes various modes of transportation (road, rail, air,
sea) to ensure continuity in case of transportation breakdowns.

Digital Twin Implementation: A supply chain with digital twin technology for real-time monitoring and
simulation of supply chain processes.

Local Sourcing Initiative: A supply chain that focuses on sourcing materials locally to reduce
dependence on global suppliers.

Redundant Production Lines: A supply chain with redundant production lines to maintain production in
case of equipment failures.

Cost Reduction: Measure the potential cost savings achieved by each supply chain scenario.

Lead Time Reduction: Evaluate how quickly each scenario can respond to changes in demand or
disruptions.

Resource Utilization: Analyse the efficiency of resource utilization (materials, labour, facilities) in each
scenario.

Environmental Impact: Assess the environmental sustainability and impact of each supply chain
scenario.

Social Responsibility: Evaluate the extent to which each scenario contributes to local communities and
social well-being.

Flexibility and Adaptability: Measure the ability of each scenario to adapt to unforeseen changes or
disruptions.

Method: The EDAS method, initially introduced by Ghorabaee and his colleagues as an innovative
decision-making approach, has been adapted in this current study to tackle MCGDM challenges. EDAS
proves to be a valuable and straightforward technique, particularly suited for situations involving
conflicting criteria. It has found application in diverse areas like multi-criteria inventory classification and
supplier selection. Despite a lack of recent extensive examination, EDAS has gained endorsement from
numerous practitioners due to its remarkable consistency with alternative methods. Despite its relatively
limited exploration, we leverage the EDAS framework to navigate MCDM complexities and surmount the
limitations associated with conventional compromise techniques like TOPSIS and VIKOR, known for their
traditional nature and straightforwardness. To enhance the EDAS approach, we introduce an extended
version. The assessment data is presented using linguistic neuromorphic numbers (LNNS),
encompassing the consideration of anticipated functions. The assessment procedure within the EDAS
approach involves gauging alternatives in relation to an average solution, employing two distinct distance
metrics — positive and negative.

These distances serve as benchmarks for evaluating the effectiveness of the alternatives. This
methodology was devised to function effectively within diverse uncertain contexts. Furthermore, the
EDAS technique has been successfully employed to tackle practical multi-criteria decision-making
(MCDM) challenges, including sustainability assessments, supplier selection, architectural design,
preservation of cultural heritage, quality assurance, logistics evaluation, and staircase design evaluations.
The primary objective of the EDAS method is to identify optimal solutions by utilizing two key distance
measures: positive distance from average (PDA) and negative distance from average (NDA). A notable
advancement is the extension of the EDAS approach to encompass neuromorphic sets, thereby
capitalizing on the advantages offered by these sets. These advantages include the ability to capture both
relative and absolute expert opinions, as well as the independence of subsets within a neuromorphic set.
This independence affords experts greater flexibility in assigning subset values. The proposed
neuromorphic EDAS method thus inherits the benefits of neuromorphic sets, distinguishing it from other
types of fuzzy sets. This approach evaluates the options by measuring both positive and negative
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distances between each alternative and the average alternative. Although EDAS is a straightforward and
efficient MCDM method, it is restricted to handling decision data presented as numerical values. In the
realms of intricate fuzzy MCDM (Multi-Criteria Decision Making), there exists a notable deficiency in
scholarly exploration involving the utilization of the EDAS (Evaluation based on Distance from Average
Solution) approach.

The EDAS technique holds the capacity to demarcate the extents of constraints in both positive
and negative distances. Additionally, it has the ability to cater to the diverse risk inclinations of decision-
makers. In light of these considerations, this study introduces a novel framework rooted in the EDAS
methodology to address MCDM complexities within the context of four-branch fuzzy scenarios. This
framework synergistically integrates an entropy-based weighting technique with an analysis of deviation
consistency, thereby incorporating the interval weight vector from the criteria set into an ultimate weight
vector. The determination of an integrated weight vector is achieved through multiobjective nonlinear
constraint programming. Kahraman et al. introduced an enhanced EDAS technique employing
intuitionistic fuzzy numbers, which they applied to selecting solid waste disposal sites. Which ranks
desirable alternatives based on their distance from the average solution, without involving the calculation
of ideal and nadir solutions. Furthermore, the EDAS technique incorporates two criteria for ranking
alternatives based on their attractiveness. Numerous approaches within the realm of MCDM have been
suggested to address selection quandaries faced by companies.

Among these, MACBETH and EDAS methods are noteworthy instances of MCDM techniques,
each finding application in diverse domains as documented in existing literature. What sets this study
apart is its innovative fusion of the MACBETH and EDAS methods. To our knowledge, no prior research
has combined these two methodologies. The rationale behind selecting these specific methods stems
from their distinctive attributes. The MACBETH method, a relatively recent addition, serves akin to the
Analytic Hierarchy Process (AHP) in assigning criteria weights. Traditionally, AHP has been the go-to for
this purpose in MCDM inquiries. In contrast, the EDAS method, also novel, excels in ranking alternatives
and identifying optimal solutions, particularly in cases characterized by conflicting criteria. Importantly, the
EDAS method boasts simplicity in application, devoid of intricate computations. In this study, we jointly
employ these two methods, channelling their collective strength toward a new domain — the selection of
steam boilers.

TABLE 1. Supply Chain Resilience

ci|l 2| 3| ca| 5] ce
Al | 787|576 | 552 | 414 ] 799 | 955
Ar | 673 | 842 | 641 | 363 ] 752 | 852
A3 | 853|652 462|662 614 6.11
Ad

Q74 | 651 | 555 | 363 | 741 | 561
A5 | 363 | B52 | 263 | 587 | 531 | 924
As | 466 | 698 | 487 | 461 | 465 | 752

Shows the figure 1 supply chain resilience for using Evaluation based on Distance from Average
Solution (EDAS) method. The alternative is Supplier Diversity Strategy (A1), Inventory Optimization (A2),
Multi-Modal Transportation (A3), Digital Twin Implementation (A4), Local Sourcing Initiative (A5) and
Redundant Production Lines (A6). The evaluation parameters are Cost Reduction (Cl), Lead Time
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Reduction (C2), Resource Utilization (C3), Environmental Impact (C4), Social Responsibility (C5), and
Flexibility and Adaptability (C6).

Supply Chain Resilience
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FIGURE 1. Supply Chain Resilience

Shows the figure 1 supply chain resilience for using Evaluation based on Distance from Average
Solution (EDAS) method. The alternative is Supplier Diversity Strategy (Al), Inventory Optimization (A2),
Multi-Modal Transportation (A3), Digital Twin Implementation (A4), Local Sourcing Initiative (A5) and
Redundant Production Lines (A6). The evaluation parameters is Cost Reduction (C1), Lead Time
Reduction (C2), Resource Utilization (C3), Environmental Impact (C4), Social Responsibility (C5), and
Flexibility and Adaptability (C6).

TABLE 2. Positive Distance from Average (PDA)

Positive Distance from Average (PDA)

Al | 015 | 000 [ 012 [ 000 | 000 [ 000
A2 1 000 [ 019 ] 030 [ 0.00 | 0.00 [ 0.00
A3 | 024 | 000 ] 000|030 ] 006 021
A4 1042 | 000 [ 013 [ 011 | 000 028
A5 000 [ 0201 000 (015 ] 018 [ 0.00

A6 | 000 ] 000 ) 000) 000 | 028 [ 003

Shows the Table 2. Positive distance from average (PDA) alternative is Supplier Diversity
Strategy (A1), Inventory Optimization (A2), Multi-Modal Transportation (A3), Digital Twin Implementation
(A4), Local Sourcing Initiative (A5) and Redundant Production Lines (A6). The evaluation parameters are
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Cost Reduction (C1), Lead Time Reduction (C2), Resource Utilization (C3), Environmental Impact (C4),
Social Responsibility (C5), and Flexibility and Adaptability (C6).

TABLE 3. Negative Distance from Average (NDA)

Negative Distance from Average (NDA)

Al 0.00000 | 0.20056 | 0.00000 | 0.18557 | 0.22860 | 0.23093
A2 0.01895 | 0.00000 | 0.00000 | 0.28590 | 0.15633 | 0.09817
A3 0.00000 | 0.08234 | 0.06351 | 0.00000 | 0.00000 | 0.00000
A4 0.00000 | 0.08374 | 0.00000 | 0.00000 | 0.13942 | 0.00000
A5 0.47085 | 0.00000 | 0.46689 | 0.00000 | 0.00000 | 0.19098
Ab 0.32070 | 0.01759 | 0.01284 | 0.09311 | 0.00000 | 0.00000

Shows the Table 2. Negative distance from average (NDA) alternative is Supplier Diversity
Strategy (Al), Inventory Optimization (A2), Multi-Modal Transportation (A3), Digital Twin Implementation
(A4), Local Sourcing Initiative (A5) and Redundant Production Lines (A6). The evaluation parameters are
Cost Reduction (C1), Lead Time Reduction (C2), Resource Utilization (C3), Environmental Impact (C4),
Social Responsibility (C5), and Flexibility and Adaptability (C6).

TABLE 4. Weight

Weight
Al 025 [ 025 025 | 025 025 | 025
A2 025 [ 0251 025 | 025 025 |1 025
A3 025 [ 025 025 | 025 025 | 025
Ad 025 [ 025 025 | 025 025 | 025
AS 025 [ 025 025 | 025 025 | 025
Ab 025 [ 025 025 | 025 025 | 025

Shows the table 4 supply chain resilience weight are same value 0.25

TABLE 5. Weighted PDA
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Weighted PDA
Al 0.03681 | 0.00000 [ 0.02973 | 0.00000 | 0.00000 [ 0.00000
A2 000000 | 004627 [ 0.07483 | 0.00000 | 0.00000 [ 0.00000
A3 006086 | 0.00000 [ 0.00000 [ 007557 | 0.01397 | 0.05311
Ad 0.10496 | 0.00000 | 0.03125 [ 0.02689 | 0.00000 | 0.06923
AS 0.00000 | 0.0497% [ 0.00000 | 0.03569 | 0.04587 [ 0.00000
Ab 0.00000 | 0.00000 [ 0.00000 | 0.00000 | 007125 [ 0.00768

Table 5 shows the data values of “the Weighted Positive Distance from the Average and the sum
of the Weighted Positive Distance from the Average”. The weighted matrix of PDA” is calculated using the
multiplication of the matrix of PDA from table 2 and the matrix of criteria weight W from table 4. Then “the

sum of the weighted PDA values” is calculated corresponding to the alternates.

TABLE 6. Weighted NDA

Weighted NDA
Al | 0.00000 | 005014 [ 000000 [ 004639 | 005715 | 0.05773
A2 | 0.00474 | 0.00000 [ 000000 [ 007148 | 0.03908 | 0.02454
A5 | 0.00000 | 002058 | 0.01588 [ 0.00000 | 0.00000 | 0.00000
A4 | 0.00000 | 0.02094 [ 0.00000 [ 0.00000 | 0.03485 | 0.00000
0.11771 | 0.00000 | 0.11672 | 0.00000 [ 0.00000 [ 0.04774
A6 | 0.08017 | 0.00440 | 0.00321 | 0.02328 | 0.00000 | 0.00000

Table 6 shows the data values of “the Weighted Negative Distance from the Average and the
sum of the Weighted Negative Distance from the Average”. “The weighted matrix of PDA” is calculated
using the multiplication of the matrix of PDA from table 3 and the matrix of criteria weight W from table 4.
Then “the sum of the weighted NDA values” is calculated corresponding to the alternates.

TABLE 6. SPi, SNi, NSPi, and NSNi

SPi SNi MNSP1 NSNi
Al | 006654 | 021142 | 028641 | 0.25077
A2 | 012110 | 013984 | 052127 | 0.50443
A3 | 020352 | 003646 | 087602 | 0. B7078
A4 | 023232 | 005579 | 1.00000 | 080229
A5 | 013435 | 028218 | 0.57831 | 0.00000
A6 | 007893 | 0.11106 | 033973 | 0.60641

Table 6 presents the values of four different metrics, namely SPi, SNi, NSPi, and NSNi,
corresponding to various supply chain strategies. These metrics are used to assess and quantify the
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effectiveness and impact of different strategies on the supply chain. SPi (Supplier Performance Index)
measures the performance of a supply chain strategy based on supplier-related factors. It considers how
well the strategy interacts with suppliers and assesses the supplier diversity strategy. A higher SPi value
indicates better supplier performance. In this table, the supplier diversity strategy has an SPi of 0.06654,
which suggests a moderate level of performance in terms of supplier diversity strategy effectiveness. SNi
(Supplier Network Index) evaluates the effectiveness of a supply chain strategy in optimizing the supplier
network. It considers factors such as inventory optimization and multi-modal transportation. A higher SNi
value indicates a more efficient and optimized supplier network. For example, the multi-modal
transportation strategy has a low SNi value of 0.03646, indicating that it might not be as effective in
optimizing the supplier network as other strategies.

NSPi (Network Sustainability Performance Index) assesses the sustainability performance of a
supply chain strategy in terms of its impact on the environment and society. It evaluates strategies like
digital twin implementation and local sourcing initiatives. A higher NSPi value suggests a strategy with
better sustainability performance. For instance, the digital twin implementation strategy has an NSPi of 1,
indicating a strong focus on sustainability. NSNi (Network Sustainability Network Index) measures the
sustainability of a supply chain strategy in terms of its network impact, considering factors such as local
sourcing initiatives and redundant production lines. A higher NSNi value implies a strategy with a more
sustainable network impact. Notably, the local sourcing initiative has an NSNi of 0, which could imply that
it might not have a significant sustainability impact at the network level.

SPi, SNi, NSPi and NSNi

1.2
1

0.8

0.6

0.4

0.2 = “"--—--__,_________________'
’ Al A2 A3 A4 AS A6

——SPi SNi NSPi NSNi

FIGURE 2. SPi, SNi, NSPi and NSNi

Table 6 presents the values for four different metrics: SPi, SNi, NSPi, and NSNi, along with
corresponding values for each metric under specific supply chain strategies. Under the "Supplier Diversity
Strategy" strategy, the values for SPi, SNi, NSPi, and NSNi are provided as 0.06654, 0.21142, 0.28641,
and 0.25077, respectively. Under the "Inventory Optimization" strategy, the values are 0.1211, 0.13984,
0.52127, and 0.50443 for SPi, SNi, NSPi, and NSNi, respectively. Under the "Multi-Modal Transportation"
strategy, the values are 0.20352, 0.03646, 0.87602, and 0.87078 for SPi, SNi, NSPi, and NSNi,
respectively. Under the "Digital Twin Implementation" strategy, the values are 0.23232, 0.05579, 1, and
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0.80229 for SPi, SNi, NSPi, and NSNi, respectively. Under the "Local Sourcing Initiative" strategy, the
values are 0.13435, 0.28218, 0.57831, and O for SPi, SNi, NSPi, and NSNi, respectively. Under the
"Redundant Production Lines" strategy, the values are 0.07893, 0.11106, 0.33973, and 0.60641 for SPi,
SNi, NSPi, and NSNi, respectively.

TABLE 7. Asi and Rank

A5y
Al 0.26859
A2 0.51285
A3 0.87340
A4 0.50114
A5 0.28915

Ab 0.47307

-L\-Lﬁl—lbdwﬂ‘wg

The "Digital Twin Implementation" initiative has the highest ASi value of 0.90114, indicating that it
is considered the most suitable and effective strategy among the listed options. This initiative likely
involves creating digital replicas of physical assets or processes, allowing for advanced monitoring,
analysis, and optimization. The "Multi-Modal Transportation" initiative holds an ASi value of 0.8734,
placing it second in terms of suitability and effectiveness. This strategy likely involves optimizing
transportation by using multiple modes (such as rail, road, sea, and air) to enhance efficiency and cost-
effectiveness. The "Inventory Optimization" initiative has an ASi value of 0.51285, securing the third
position in the ranking. This strategy may involve fine-tuning inventory levels to strike a balance between
supply and demand, thereby reducing costs while ensuring product availability.

The "Redundant Production Lines" initiative possesses an ASi value of 0.47307, earning it the
fourth rank. This strategy likely refers to having backup or redundant production lines in place to mitigate
disruptions and ensure continuous manufacturing operations. The "Local Sourcing Initiative" holds an ASi
value of 0.28915, placing it fifth in terms of suitability and effectiveness. This initiative may involve
sourcing materials or components from local suppliers to support regional economies and reduce supply
chain risks. The "Supplier Diversity Strategy" has the lowest ASi value of 0.26859, indicating that it is
considered the least suitable or effective strategy among the listed options. This strategy may involve
promoting diversity and inclusion by engaging with suppliers from different backgrounds.
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FIGURE 3. Asi

Figure 3 displays the prioritization and relative importance of various strategic initiatives within the
context of ASi (the organization or context being referred to). Each initiative is accompanied by a
corresponding numerical value, representing its importance or potential impact. This initiative pertains to
a strategic effort aimed at promoting diversity among the organization's supplier base. By engaging with
suppliers from diverse backgrounds, such as minority-owned or women-owned businesses, ASi seeks to
enhance its supplier network's inclusivity and bring in fresh perspectives and innovative solutions.
Inventory optimization involves the systematic management of inventory levels to strike a balance
between meeting demand and minimizing excess stock. This initiative indicates ASi's emphasis on
efficiently managing its inventory, reducing carrying costs, and ensuring products are readily available
without overstocking. Multi-modal transportation refers to the use of various transportation modes (such
as road, rail, air, and sea) to move goods and materials efficiently. This initiative highlights ASi's
commitment to optimizing its transportation logistics by selecting the most appropriate modes for different
routes and destinations, thereby improving overall supply chain efficiency.

Digital twin implementation involves creating digital replicas of physical assets, processes, or
systems. ASi is likely prioritizing this initiative to leverage advanced technologies like the Internet of
Things (loT) and simulation models to enhance visibility, monitoring, and control of its operations,
ultimately leading to better decision-making. The local sourcing initiative signifies ASi's focus on procuring
materials and components from nearby or regional suppliers. By doing so, the organization aims to
reduce transportation costs, support local economies, and potentially enhance supply chain resilience.
This initiative involves establishing duplicate or redundant production lines. ASi may be pursuing this
strategy to ensure business continuity and minimize disruptions by having backup manufacturing
capabilities in case of unexpected events affecting primary production lines.
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Rank

Al A2 A3 Ad A5 Ab

FIGURE 4. Rank

Figure 4 illustrates a ranking of various strategic initiatives based on Supply Chain Resilience.
This initiative holds the top rank, indicating it is considered the most important or impactful strategy. This
technology has the potential to revolutionize processes by enabling better decision-making, reducing
downtime, and improving efficiency. Ranked second, multi-modal transportation refers to the use of
different transportation modes (such as road, rail, sea, and air) to optimize the movement of goods. This
strategy emphasizes flexibility and efficiency in supply chain logistics, helping to reduce costs and
improve delivery timelines. Taking the third rank, inventory optimization involves managing inventory
levels to strike a balance between meeting customer demand and minimizing carrying costs.

This strategy aims to prevent stockouts while avoiding excess inventory, leading to improved
cash flow and resource utilization. Ranked fourth, redundant production lines involve creating duplicate
manufacturing capabilities. While not as highly prioritized as the top three, this strategy can enhance
production resilience by ensuring continued operations in the event of disruptions. The fifth-ranked
initiative, local sourcing, involves procuring materials or products from nearby suppliers. While not the
highest priority, this strategy can offer benefits such as reduced lead times, transportation costs, and
environmental impact. Ranking sixth, supplier diversity strategy focuses on engaging a variety of
suppliers from different backgrounds. While still valuable, it is considered less critical compared to other
initiatives on the list. Supplier diversity aims to promote equity and inclusion while potentially mitigating
supply chain risks.

CONCLUSION

The application of control engineering principles in assessing the robustness of supply chains
through the utilization of the EDAS (Evaluation based on Distance from Average Solution) method offers
a significant advancement in our understanding of supply chain resilience. By incorporating the principles
of feedback control, system dynamics, and optimization, this approach provides a comprehensive
framework for evaluating and enhancing the robustness of supply chain networks. Through the EDAS
method, supply chain managers and decision-makers can gain valuable insights into the vulnerabilities
and strengths of their systems, enabling them to proactively identify potential disruptions, adapt to
unforeseen challenges, and implement strategic improvements. The integration of control engineering
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concepts, such as feedback loops and sensitivity analysis, empowers organizations to make informed
decisions that promote agility, efficiency, and risk mitigation within their supply chains.

Furthermore, the EDAS method's ability to incorporate multiple criteria and capture both
guantitative and qualitative factors ensure a holistic evaluation of supply chain robustness. This
comprehensive analysis equips businesses with a well-rounded perspective, allowing for more accurate
risk assessment and the development of targeted strategies to enhance overall resilience. As global
markets continue to evolve and become increasingly interconnected, the significance of a resilient supply
chain cannot be overstated. The utilization of control engineering principles, coupled with the innovative
EDAS method, represents a pivotal advancement in the field of supply chain management. By embracing
this approach, organizations can navigate uncertainties with greater confidence, adapt swiftly to dynamic
market conditions, and ultimately foster sustainable growth in an ever-changing business landscape.
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Evaluating the Performance of Supply Chain Partners Using MCDM
Approaches A Case Study in the Food Industry (FUZZY TOPSIS)

To guarantee the safe and excellent delivery of food items to customers, several partners
collaborate in the intricate and linked food industry supply chain. From farmers to retailers, each stage of
the process is crucial in maintaining sustainability, efficiency, and compliance with safety standards. Key
partners in the chain include farmers, suppliers, manufacturers, logistics providers, wholesalers, and
retailers. In today’s competitive market, these organizations collaborate to improve efficiency, reduce
waste, and meet customer demands. Globalization and technological advancements have revolutionized
food supply chains, enabling better tracking, faster delivery, and broader product offerings. However, the
growing complexity of these networks also introduces challenges such as supply chain risk management,
transparency, and sustainability. Overcoming these challenges requires strong collaboration among
stakeholders. In addition to financial exchanges, collaboration involves building trust, fostering innovation,
and sharing information to enhance overall performance.

This interdependence is especially critical in the food industry, where timely delivery, quality, and
safety directly affect consumer satisfaction and public health. Research Significance: Given their
importance in ensuring food safety, quality, and availability, it is crucial to comprehend the dynamics of
food sector supply chain alliances. This study clarifies the interdependencies among stakeholders and
emphasizes the role of collaboration and innovation in improving productivity and reducing waste. It also
addresses challenges such as risk management, sustainability, and traceability, which are increasingly
important in the global market. By examining these collaborations, the study provides valuable insights
into enhancing operational efficiency and resilience. This information benefits businesses, regulators, and
consumers by fostering more reliable, transparent, and sustainable food supply chains. Methodology: A
decision-making method called fuzzy TOPSIS (Technique for Order of Preference by Similarity to Ideal
Solution) assesses options using fuzzy sets. It weighs each option's advantages and disadvantages
before ranking them according to their proximity to the perfect solution.

This approach considers ambiguity and imprecision while making decisions, making it particularly
useful for complex scenarios involving multiple criteria. In this study, alternatives such as Local Suppliers,
Global Suppliers, Organic Suppliers, Fair Trade Suppliers, and Multinational Suppliers are evaluated
based on parameters like product quality, on-time delivery, cost, and supply chain complexity. The results
show that Local Supplier A ranks the highest, while Multi-national Supplier ranks the lowest.

Keywords: Supply Chain Integration, Sustainability, Food Safety, Stakeholder Collaboration.
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INTRODUCTION

Supply chain collaboration has garnered significant attention, reflecting a shift from concentrating
solely on internal processes to embracing inter-organizational relationships. This transformation is
especially crucial in the agri-food sector, where successful collaboration can greatly enhance a
company's competitive edge. In today's business landscape, supply chain collaboration has evolved from
being a strategic option to a critical necessity for many organizations. The paper highlights that an
enterprise's success increasingly hinges on its ability to cultivate enduring partnerships with suppliers and
other stakeholders in the supply chain. Such collaboration is pivotal for developing efficient, responsive
supply chains capable of delivering exceptional customer value. However, realizing effective collaboration
presents several challenges. While advancements in information and communication technologies have
enhanced data sharing, various obstacles persist. These include the unique characteristics of the agri-
food industry, external business environment factors, and the inherent traits of the involved firms. [1] The
agri-food sector provides a unique setting for studying supply chain cooperation. due to its specific
product characteristics and unique structural dynamics, which make cooperative practices essential. To
address this gap, the research focuses on SMEs, providing empirical evidence through a case study
carried out in Greece at the grower-processor interface. The study sheds light on the collaboration
challenges and inherent risks faced by SMEs in this sector.

The researchers used a qualitative methodology to perform semi-structured in-depth interviews
with key personnel from two SMEs. These interviews explored various dimensions of their collaborative
relationships, including their development The nature of reliance over time the critical roles of power and
trust in determining the intensity of collaboration. Key findings indicate that, although collaboration is
crucial for the agri-food industry nature of the products produced by the business, it is frequently limited to
operations and logistics-related activities and structural characteristics. The study also emphasizes the
impact of power dynamics within collaborative relationships. Initially, power imbalances can create
asymmetries that influence interdependence and the distribution of risks and rewards. However, weaker
parties in such relationships can enhance their position by excelling in product or process quality, thereby
shifting the balance of dependence. By concentrating on the unique challenges faced by SMEs, the study
offers valuable insights for both future research and practical strategies in supply chain management. [2]
The study examines the process of fostering trust amongst supply chain participants in the packaged food
sector in the United Arab Emirates, highlighting the crucial function of risk assessment. It highlights the
five main viewpoints that influence supply chain members' trust: institutions, technology, dynamic
capabilities, economics, and characteristics.

The research aims to develop a conceptual framework to explain how these perspectives can
facilitate trust-building through effective risk management. The study underscores the importance of trust
for successful supply chain relationships, highlighting its role in fostering collaboration and mitigating
social uncertainty. It posits that understanding the interplay between trust and risk is vital, as trust
inherently involves a readiness to accept certain risks. An empirical survey of 102 organizations’ senior
managers in the packaged food sector offers insights into how different risk perspectives influence trust.
The findings reveal that while characteristics and institutional factors are pivotal in initiating trust,
economic and technological factors are crucial for its maintenance. The study concludes with practical
recommendations, suggesting that supply chain members prioritize risk reduction as a means to cultivate
trust, rather than focusing solely on trust-building efforts. This research contributes to a deeper
understanding of trust dynamics within supply chains, particularly in the UAE's unique context. [3]
Organizations are stressing the value of developing collaborative capabilities inside their supply chains
more and more in the current competitive business climate.

The emphasis is now on competition between entire supply chains rather than between individual
businesses prompting a redefined approach to partnerships. To gain a competitive edge, businesses
must integrate effectively with their supply chain partners, harnessing shared strengths to achieve mutual
benefits. Such collaboration can yield significant advantages, including cost savings, innovation, and
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improved customer satisfaction. However, despite these potential gains, many organizations encounter
obstacles in building successful partnerships. Common challenges include misaligned objectives,
insufficient resources, and a lack of commitment. The adoption of collaborative approaches has been
sluggish, especially in the food business. often clinging to traditional adversarial practices. These
difficulties are explored through the case of Golden Circle Limited, a prominent Australian food processor.
Over a two-year period, semi-structured interviews were conducted to assess how Golden Circle
collaborated with its supply chain partners to enhance its competitive standing. The study highlights the
development of collaborative capabilities and offers valuable insights into the complexities and
management of inter-organizational relationships. [4] Electronic Data Interchange (EDI) is essential to
enhancing the food industry's supply chain coordination. Supply Chain Management (SCM) centers on
fostering strong relationships between businesses, their suppliers, and customers, underscoring the
importance of efficient inter-organizational communication.

This communication spans from traditional methods, like paper-based invoicing, to advanced
technological solutions that connect company databases. Integrating supply chain activities is essential
as it enables collaborative decision-making in areas such as production, inventory management, and
delivery, which systems like EDI facilitate. In the food industry, SCM advancements and EDI
implementation have gained momentum, particularly through initiatives like Efficient Consumer Response
(ECR). This research, based on survey data, explores EDI's role in supply chain coordination, focusing on
the characteristics of companies adopting EDI, including their size and market traits. The results indicate
that while businesses acknowledge EDI's potential for enhancing operational efficiency, its application for
deeper supply chain integration remains underutilized. This study seeks to provide insights into these
dynamics and their implications for the food sector. [5] Businesses that meet these needs frequently aim
to attract clients that respect the economic, environmental, and social facets of food production and
distribution. How SSCM practices help organizations manage their supply chains effectively while gaining
a competitive edge through the application of dynamic capabilities. By identifying SSCM practices as
foundational routines that contribute to specific DCs, the paper bridges these two frameworks. This
review aligns SSCM and DCs within a unified conceptual framework and identifies key DCs relevant to
sustainability-focused industries, like exchanging knowledge and rethinking supply chain architecture.
SSCM and DC criteria are used to study the food market, offering insights into the tactics used in this
field. Findings indicate that integrating sustainability practices with DCs improves supply chain
traceability and responsiveness to consumer demands.

These practices highlight how businesses can adapt and thrive in sustainability-driven markets.
However, further research is necessary to refine and operationalize the conceptual models presented. [6]
The supply chains in the food business have a significant impact on sustainability, and managing a supply
chain effectively necessitates paying attention to several levels of partners, especially when it comes to
sustainability issues. In order to guarantee adherence to social and environmental standards, businesses
are interacting with their subcontractors more and more. However, there are difficulties in managing
subcontractors such as the absence of direct contractual relationships, limited ability to influence sub-
suppliers, and a lack of transparency about their involvement in the supply chain. This study, which
focuses on the food business, attempts to investigate and improve knowledge of the critical elements that
aid in addressing these complications in sub-supplier management. Four categories can be used to
classify these CSFs: context-related, supply chain partner-related, relationship-related, and focal firm-
related. The findings contribute to the critical success factor theory by applying it to the context of
sustainability and sub-supplier management. The study confirms that CSFs exist and that managing them
is crucial for efficient sub-supplier management, as evidenced by observations made by professionals in
the field. [7] Supply chain risks can emerge from unexpected capacity limitations, disruptions like
equipment failures, issues with the supplier's quality, fires, or natural calamities.

A breakdown in any part of the supply chain can have a cascading effect on all connected
companies, both upstream and downstream. For example, telecom giant Ericsson encountered major
issues due to a fire at one of its supplier's facilities. The risks to supply chains grow with increasing
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uncertainty, especially when companies are heavily dependent on outsourcing, thus relying on external
entities. Factors like unpredictable supply and demand, the expanding global market, shorter product and
technology lifecycles, and dependence on international partners for manufacturing, distribution, and
logistics have all amplified these risks. Among the various risks faced by businesses, three stand out in
supply chains: risks related to supply, operations, and demand. The movement of materials from
suppliers is associated with supply risks. factors such as supplier reliability and sourcing strategies (e.g.,
choosing single versus multiple suppliers or centralized versus decentralized sourcing). A company's
internal ability to create goods and services is impacted by operational hazards, which may have an effect
on profitability. can stem from manufacturing interruptions or technological changes. Finally, demand risks
are concerned with delivering products to customers and can include problems like product
obsolescence, stock shortages, or excess inventory. [8] Technological advancements, Agri-food supply
chains, and networks have become increasingly intricate as a result of globalization and market
segmentation.

However, these shifts have also opened up new avenues for entrepreneurship to produce riches.
The results of agent-based simulation demonstrate that businesses that combine with pre-existing supply
chains typically do better in terms of wealth and survival. generation. Furthermore, the study emphasizes
that entrepreneurial firms operating independently also benefit from the presence of established supply
chains. [9] In today's fast-evolving global business landscape, organizations must strengthen their ability
to pick up new skills and adjust to new technology to secure long-term success and improve
performance. The resource-based view theory implies that businesses compete using their unique assets
and skills whether tangible or intangible. Knowledge is increasingly seen as a crucial strategic asset that
supports organizational survival and growth by fostering collaboration, information exchange, and
innovation among employees. In Saudi Arabia's food industry, effective supply chain management is
essential, as competition often takes place at the supply chain level rather than between individual firms.
the Saudi food sector is scarce, making this study particularly valuable in understanding how these
capabilities can drive success in a competitive environment. [10]. organizations must prioritize
organizational learning (OL) and knowledge management capabilities (KMC) to improve performance and
maintain a competitive edge. The Saudi food industry, a key sector in the Kingdom, is particularly
knowledge-driven, requiring firms to swiftly adapt to shifting consumer preferences and technological
advancements. In this context, knowledge management is critical for enabling organizations to create and
share valuable insights that drive performance.

Additionally, effective supply chain management practices (SCMP) are crucial for enhancing
business performance, as competition increasingly takes place at the supply chain level rather than
between individual firms. The aim is to offer valuable insights for managers and decision-makers in the
sector, helping to improve their strategic and operational effectiveness. [11] While SCM has been widely
studied, the specific practices within the UAE, especially regarding packaged food products, have not
been thoroughly explored. The UAE's relatively small consumer goods market, with a population of 4.5
million, affects investment decisions, often prioritizing export opportunities over domestic demands. the
factors that supply chain members in the UAE consider when choosing partners, with a focus on fostering
successful collaboration and business integration. The results indicate that both customers and suppliers
are reluctant to commit to long-term partnerships, suggesting that external factors like market dynamics
and globalization contribute significantly to the process of choosing partners. [12] Environmental Supply
Chain Management (ESCM) has become a crucial focus in contemporary business, marking a significant
departure from traditional supply chain practices. In this new approach, businesses are recognized as
part of a complex network of relationships that significantly impact their competitive performance.

This interconnectedness is particularly prominent in food supply chains, where aspects like shelf
life and the demand for sustainable practices play key roles in shaping business operations. A vital tool in
ESCM is the Life Cycle Assessment (LCA), which offers valuable insights into the environmental effects
across the supply chain. LCA enables organizations to pinpoint areas for improvement and redesign their
supply chains to improve their environmental outcomes. Applying LCA is not an easy undertaking,
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though; it calls for a tailored strategy that considers the distinct environmental strategies of the different
supply chain players. This underscores the need for a normative framework to assist managers in
developing and managing their supply chains with an environmental focus. Environmental goals require
distinct organizational processes and collaboration among supply chain members. By tackling these
challenges, this research seeks to offer practical recommendations for managers aiming to incorporate
environmental factors into their supply chain strategies effectively. [13] SCM's emphasis on logistical
performance metrics in food supply chains emphasizes how crucial it is to minimize or do away with
uncertainties in order to improve chain performance as a whole. Different improvement strategies are
identified for each uncertainty. A food chain case study was carried out in which the effects of various
configurations and management ideas were measured using a simulation model. The model was tested
using actual data and the organizational ramifications were evaluated by contrasting the simulation with a
pilot project. Although the potential benefits are limited by current supply chain arrangements, the results
show that reducing uncertainties can greatly enhance service levels.

Additionally, the implementation of effective and efficient SCM processes depends on the
availability of real-time information systems. [14] The Base of the Pyramid business model has prompted
multinational corporations (MNCs) to include low-income communities in industrial processes, including
supply chain management. In order to investigate how sustainable supply chain management (SSCM)
can help multinational corporations (MNCs) accomplish sustainability goals, this study looks at three BoP
initiatives in the food industry. According to the results, using SSCM in BoP projects can improve
sustainability's social, economic, and environmental facets. In particular, the BoP projects that were
examined show useful approaches to incorporating the social aspect of sustainability into SSCM theory
and practice in general. The findings show how sustainability initiatives relate to MNC activities at the BoP
from the standpoint of international business. [15] The introduction of this work likely offers a detailed
exploration of a particular topic, although the exact subject remains unspecified. The absence of a
publisher and further context suggests that the work may still be in the early or unpublished stages, often
a time for new ideas and perspectives to emerge.

Typically, the introduction in academic research sets the stage by outlining the study's context,
importance, research problem, objectives, and methodology. It likely follows this structure to engage the
reader by emphasizing the significance of the research question. By situating the research within broader
academic discussions, the introduction effectively argues for the value of the findings. This section also
lays the groundwork for the rest of the paper, guiding the reader through the rationale for the chosen
methods and expected outcomes. Clarity and conciseness are key in ensuring the reader understands
the study’'s main themes and objectives. In conclusion, while specific details about the content remain
unclear, the introduction likely plays a critical role in framing the research question, establishing its
relevance, and outlining the methodology, thereby contributing to the broader academic conversation.
[16]

MATERIAL AND METHODS

Alternative: Local Supplier, Global Supplier, Organic Supplier, Fair Trade Supplier, Multi-national
Supplier.

Local Supplier: Local suppliers are companies or people that offer products or services in a
particular region, frequently near the final customer or manufacturing plant. Local food suppliers
emphasize freshness, lower shipping costs, and support the local economy by sourcing their products
from neighboring farms or producers. They are essential for seasonal produce markets, community-
supported agriculture (CSA), and farm-to-table programs. Local vendors provide a number of benefits,
including shorter supply chains that cut down on delays and carbon emissions. They are perfect for
offering region-specific items because they frequently have a close relationship to local customs and
tastes. On a broader scale, meanwhile, issues like restricted scalability, seasonal availability, and
vulnerability to local interruptions could compromise their dependability.
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Global Supplier: In order to satisfy the demands of many markets, global providers source
goods and services from other nations. Global suppliers give the food sector access to a vast range of
goods, such as processed foods, exotic spices, and out-of-season crops. They are essential in meeting
consumers' increasing needs for convenience and diversity. Access to a wider selection of products,
economies of scale, and competitive pricing are some of the main advantages of using global suppliers.
Longer supply chains, intricate logistics, and heightened risks associated with geopolitical concerns,
tariffs, and adhering to various foreign rules are some of the difficulties they confront. It might also be
difficult to maintain product quality and guarantee traceability.

Organic Supplier: Products made using approved organic farming methods are the specialty of
organic suppliers. This entails focusing on environmentally friendly and sustainable practices while
avoiding artificial additives, synthetic chemicals, and genetically modified organisms (GMOs). Organic
providers serve the food industry's increasing need for more ecologically friendly and healthful products.
Organic products are frequently linked by consumers to better nutritional value and moral production
practices. Organic providers support biodiversity, healthy soil, and less pollution in the environment.
Higher production costs, restricted scalability, and stringent certification procedures are some of its
difficulties, nevertheless. Because organic products are more expensive, a wider range of consumers
may not be able to afford them.

Fair Trade Supplier: Fair trade providers follow moral guidelines that support producers' social
and economic justice, especially in developing nations. They guarantee fair compensation, secure
working conditions, and chances for communal growth for farmers and laborers. Bananas, cocoa, coffee,
and other commodities are frequently supplied by fair trade-certified companies. Fairtrade providers are
important because of their dedication to combating exploitation and advancing sustainable livelihoods.
Customers who appreciate ethical sourcing and are prepared to shell out more money for goods that
promote social justice will find them appealing. The difficulties, however, include the need to preserve
consumer awareness and faith in the fair trade movement, restricted scalability, and increased
certification fees.

Multi-National Supplier: Large companies that operate in several nations and frequently have
worldwide reach and broad supply chains are known as multinational suppliers. From raw materials to
completed items, the food sector offers a wide range of products, utilizing its extensive infrastructure and
resources to effectively satisfy consumer demands. Economies of scale, cutting-edge technology, and
the capacity to make research and innovation investments are all advantages for multinational suppliers.
They frequently control international marketplaces and supply big-box stores and food service
companies. However, their business activities may come under fire for monopolistic activity, labor abuses,
and environmental effects. Significant obstacles include assuring compliance with a variety of legislation
and juggling global operations with local market demands.

Evaluation Parameter: Product Quality, On-time Delivery, Cost, Supply Chain Complexity.

Product Quality: Product quality is a crucial aspect of supply chain management, particularly in
sectors where high standards are necessary for consumer satisfaction and safety, such as
manufacturing, food, and healthcare. Durability, performance, consistency, and conformity to standards
are all aspects of quality. For instance, in the food industry, product quality includes taste, freshness, and
adherence to safety regulations. Manufacturers, distributors, suppliers, and other supply chain
participants must work together to ensure consistent product quality. Upholding these standards requires
adherence to industry norms, certifications, inspections, and quality assurance processes. Poor quality is
crucial for supply chain management since it can result in product recalls, unhappy customers, and harm
to a brand's reputation.
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On-time Delivery: A supply chain's capacity to deliver products or services to clients on schedule
is measured by on-time delivery. Customer satisfaction and operational efficiency are directly impacted by
this crucial performance metric. Timely delivery is crucial in businesses that deal with perishable
commodities, such as food and pharmaceuticals, in order to ensure use and prevent spoiling. Strong
logistics, clear communication, and backup plans to handle unforeseen circumstances like bad weather, a
lack of workers, or delays in transit are necessary to ensure on-time delivery. Supply chains have to strike
a balance between cost and speed, and they frequently use cutting-edge technologies like predictive
analytics and real-time tracking to maximize delivery times.

Cost: Cost management affects pricing, profitability, and competition. Purchasing, manufacturing,
shipping, storage, and inventory control are all included in supply chain expenses. Businesses aim to
reduce these expenses without sacrificing product quality or client happiness. Negotiating advantageous
contracts, taking advantage of economies of scale, implementing automation, and controlling inventory
levels are all part of effective cost management. Excessive cost-cutting, however, may result in dangers
like delays or lowered quality. A well-rounded strategy guarantees that long-term sustainability and
dependability are in line with cost-effectiveness.

Supply Chain Complexity: Globalization, numerous suppliers, a variety of product portfolios,
and regulatory constraints are some of the elements that contribute to supply chain complexity.
Navigating interconnected networks with different agendas, such as sustainability, cost effectiveness, and
guality assurance, is necessary to manage this complexity. Problems including longer lead times, greater
expenses, and less transparency can result from increased complexity. Additionally, it may increase
supply chains' susceptibility to interruptions. Businesses employ tools like supply chain mapping,
advanced analytics, and risk management frameworks to handle complexity. Efficiency and resilience can
be further increased by streamlining procedures and encouraging cooperation among stakeholders.

Fuzzy TOPSIS

A technique used in multi-criteria decision-making to deal with ambiguity and uncertainty, fuzzy
TOPSIS is an extension of the classic Technique for Order Preference by Similarity to Ideal Solution
(TOPSIS). Fuzzy TOPSIS, in contrast to traditional methods that depend on exact numerical values for
criterion, enables decision-makers to evaluate alternatives using linguistic terms or fuzzy sets, leveraging
fuzzy logic to handle imprecise data commonly encountered in real-world scenarios. [17] Fundamentally,
TOPSIS compares the distances to ideal and anti-ideal solutions in order to determine which option is the
most optimal within a range of options. The best and worst outcomes for each criterion are represented
by these solutions, accordingly. TOPSIS selects the optimal option by calculating distances using metrics
such as Manhattan or Euclidean distances, which have the biggest distance to the anti-ideal solution and
the smallest distance to the ideal solution. [18] Fuzzy TOPSIS extends this framework to accommodate
fuzzy or vague information.

In practical decision-making, criteria are often subjective or challenging to precisely quantify.
Fuzzy TOPSIS addresses this by allowing criteria to be expressed in Words like "high,"'middle," and
"low," which are subsequently converted into fuzzy sets. [19] To apply Fuzzy TOPSIS, the first step
involves defining criteria, alternatives, and associated linguistic terms. A decision matrix is then
constructed, with each element indicating the degree of membership of an alternative in a fuzzy set for a
specific criterion, capturing the inherent vagueness in decision-making. [20] Fuzzy TOPSIS calculates
each alternative's similarity to the ideal and anti-ideal solutions after the decision matrix has been created.

This comprises assigning each alternative a closeness coefficient, which uses fuzzy similarity
metrics like cosine or Jaccard similarity to measure how close an alternative is to the ideal answer and
how far away it is from the anti-ideal solution. [21] Following the calculation of closeness coefficients,
Fuzzy TOPSIS ranks alternatives based on their relative performance, with the one possessing the
highest closeness coefficient deemed the most preferred and optimal solution.[22] A significant
advantage of Fuzzy TOPSIS lies in its capacity to accommodate imprecise and subjective information
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inherent in decision-making processes, capturing nuances and uncertainties prevalent in real-world
scenarios where precise numerical data may be lacking or difficult to ascertain. Furthermore, it provides a
methodical approach to multi-criteria decision-making, allowing decision-makers to take into account
several criteria at once and make well-informed decisions. [23] Fuzzy TOPSIS also presents challenges,
such as selecting appropriate linguistic terms and membership functions for criteria description, which can
significantly impact analysis outcomes.

Moreover, it requires careful consideration of inherent uncertainty introduced by fuzzy logic,
necessitating thorough assessment of its implications on decision outcomes. Fuzzy TOPSIS serves as a
valuable tool for multi-criteria decision-making in contexts where criteria are vague or uncertain. By
integrating fuzzy logic, it facilitates systematic evaluation of alternatives, offering insights and guidance for
decision-making in ambiguous and uncertain environments despite its associated challenges. [24]

Fuzzy- TOPSIS process
STEP 1. Gather the decision-maker's subjective assessments of the significance of weights.

STEP 2: Utilizing the following table and equations, determine the fuzzy significance coefficients
or weights depending on the decision makers' subjective assessments.
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Importance Symbol Fuzzy Weight
Extremely low EL (0,0,0.1)
Very low VL (0, 0.1, 0.3)
low L (0.1,0.3,0.5)
Medium M (0.3,0.5,0.9)
High H (0.5,0.7,0.9)
Very high VH (0.7,0.9,1)
Extremely high EH 09,11

STEP 3: Form decision matrix as listed below Let D = x;; be a decision matrix, where x;; € R
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STEP 4: The normalized decision matrix is multiplied by the relevant fuzzy weight to create a fuzzy-
weighted decision matrix.
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STEP 5: The fuzzy positive ideal solution (FPIS) and FNIS coordinates
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STEP 6: The Euclidean distance of each alternative from fuzzy positive and negative ideal values is
calculated as
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where d(.,.) represents the distance between two fuzzy numbers calculated by
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STEP 7: The closeness coefficient CCI of the alternatives is calculated using equation (11) and
ranked in descending order.
ANALYSIS AND DISCUSSION

TABLE 1. Supply Chain Partners in the Food Industry

Product Quality | On-time Delivery Cost Supply Chain Complexity
Local Supplier 8 9 4 3
Global Supplier 7 8 6 5
Organic Supplier 9 7 5 4
Fair Trade Supplier 8 9 5 4
Multi-national Supplier 7 8 7 6

Table 1 compares supply chain partners in the food industry based on four parameters: product
quality, on-time delivery, cost, and supply chain complexity. Local suppliers score highly on product
quality (8) and on-time delivery (9), indicating reliability and proximity advantages. However, they score
low on cost (4), suggesting affordability, and have minimal supply chain complexity (3). Global suppliers
offer slightly lower product quality (7) and on-time delivery (8) compared to local suppliers. Their cost (6)
and complexity (5) are moderate, reflecting the logistical challenges of international operations. Organic
suppliers excel in product quality (9) but are slightly less reliable in on-time delivery (7).

They are moderately priced (5) and have low complexity (4), likely due to niche market focus and
simpler logistics. Fair trade suppliers balance high product quality (8) and excellent on-time delivery (9).
Their cost (5) and complexity (4) are comparable to organic suppliers, reflecting ethical sourcing with
manageable supply chain dynamics. Multi-national suppliers score evenly across parameters, with
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moderate product quality (7) and on-time delivery (8). They are the most expensive (7) and have the
highest complexity (6), attributable to their scale and diverse operations.

Supply Chain Partnersin the Food Industry

10
9
8
7
6
5
4
3
2
1
0
Local Supplier Global Supplier Organic Supplier Fair Trade Supplier ~ Multi-national Supplier
B Product Quality M On-time Delivery M Cost Supply Chain Complexity

FIGURE 1. Supply Chain Partners in the Food Industry

Figure 1 illustrates the performance of various supply chain partners Local Suppliers, Global
Suppliers, Organic Suppliers, Fair Trade Suppliers, and Multinational Suppliers across four critical
dimensions: Product Quality, On-time Delivery, Cost, and Supply Chain Complexity. The bar chart
highlights the strengths and challenges associated with each type of supplier. Local suppliers excel in
Product Quality, often due to their proximity to production sites and ability to deliver fresh and regionally
sourced goods. However, they score lower in Cost and Supply Chain Complexity, reflecting their smaller
scale and limited resources.

Global suppliers rank highly in On-time Delivery and Cost efficiency due to their extensive
networks and economies of scale, but their Supply Chain Complexity is significantly higher, owing to
international logistics and regulatory compliance. Organic suppliers prioritize Product Quality, meeting
consumer demand for health-conscious and sustainable products, but they face challenges in On-time
Delivery and Cost due to limited scalability and premium pricing. Fairtrade suppliers maintain a balance
between quality and ethical considerations, scoring well in Product Quality and Supply Chain Complexity,
although costs remain high. Multi-national suppliers score consistently across all dimensions, reflecting
their vast resources and operational expertise, though their Supply Chain Complexity is a key challenge.

TABLE 2. Squire Rote of matrix

64.0000 81.0000 16.0000 9.0000

49.0000 64.0000 36.0000 25.0000
81.0000 49.0000 25.0000 16.0000
64.0000 81.0000 25.0000 16.0000
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49.0000 64.0000 | 49.0000 | 36.0000 |

Table 2 presents a matrix of squared values, which seems to focus on the squares of integers.
Each value in the matrix appears to be the square of a corresponding integer. For example, the top left
cell has 64, which is the square of 8, followed by 81 (square of 9), 16 (square of 4), and 9 (square of 3).
The second row starts with 49 (square of 7), followed by 64 (square of 8), 36 (square of 6), and 25
(square of 5). Looking at the matrix structure: The matrix rows represent squares of integers in a specific
pattern. The first column contains squares of 8, 7, 9, 8, and 7. The second column consists of squares of
9, 8, 7, 9, and 8. The third column holds the squares of 4, 6, 5, 5, and 7. The fourth column repeats
squares of 3, 5, 4, 4, and 6. The repetition of values in some rows (e.g., 64, 81) suggests a symmetrical
or patterned arrangement. It might represent a specific mathematical relationship, or these values could
be part of a larger calculation or matrix operation. Without further context, the matrix could reflect
numerical analysis, matrix manipulation, or a specific set of squared values used for mathematical
modeling or pattern recognition.

TABLE 3. Normalized Data

Normalized Data

Product Quality On-time Delivery Cost Supply Chain Complexity
0.4566 0.5137 0.3255 0.2970

0.3995 0.4566 0.4883 0.4951

0.5137 0.3995 0.4069 0.3961

0.4566 0.5137 0.4069 0.3961

0.3995 0.4566 0.5697 0.5941

Table 3 presents normalized data for four parameters product quality, on-time delivery, cost, and
supply chain complexity across five different suppliers. The normalization process adjusts the data values
to a common scale, likely between 0 and 1, to make them comparable regardless of their original units or
range. Product quality: The values range from 0.3995 to 0.5137. The highest normalized value, 0.5137,
corresponds to the supplier that likely offers the best product quality, while the lowest value (0.3995)
represents a supplier with slightly lower product quality.

On-time delivery: This parameter also shows variation, with values from 0.3995 to 0.5137,
suggesting differences in delivery performance across suppliers, but all values are relatively close,
indicating moderate differences. Cost: The values range from 0.3255 to 0.5697, with the lowest value
corresponding to a supplier that offers the lowest cost and the highest value representing a supplier with
higher costs. Supply chain complexity: This parameter shows more significant variability, with values
ranging from 0.2970 to 0.5941. The highest complexity (0.5941) indicates a supplier with the most
complex supply chain, while the lowest value (0.2970) shows a simpler supply chain. This normalized
data helps in comparing suppliers across different attributes on a standardized scale, aiding in decision-
making processes.

47



Sciforce Publications
www.sciforce.org

Normalized Data
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FIGURE 2. Normalized Data

Figure 2 presents normalized data for the performance metrics of supply chain partners in the
food industry, including Local Supplier, Global Supplier, Organic suppliers, Fair Trade Suppliers, and
Multinational suppliers. The normalization scales each metric—Product Quality, On-time Delivery, Cost,
and Supply Chain Complexity—between 0 and 1, allowing for direct comparisons. The chart highlights
key trends across suppliers. Local suppliers demonstrate balanced scores in Product Quality and On-time
Delivery, while Cost is relatively low, reflecting their regional focus and minimal logistics expenses.
However, Supply Chain Complexity is moderate, as they manage smaller-scale operations. Global
suppliers perform well in On-time Delivery, supported by their extensive logistical networks, but their costs
are comparatively lower, likely due to economies of scale.

However, Supply Chain Complexity is higher, given the challenges of operating across multiple
regions. Organic suppliers excel in Product Quality, but their On-time Delivery and Cost metrics suggest
limitations in scalability and higher production expenses. Fair Trade suppliers balance quality and Supply
Chain Complexity effectively, maintaining ethical practices, but their Cost is elevated due to adherence to
fair trade principles. Multi-national suppliers display consistency across metrics, with slightly higher
Supply Chain Complexity due to their global operations, yet their resources enable them to remain
competitive.

TABLE 4. Fuzzy Significance

Symbol Fuzzy Weight
I m u
Extremely low EL 0 0 0.1
very low VL 0 0.1 0.3
low L 0.1 0.3 0.5
medium M 0.3 0.5 0.7
high H 0.5 0.7 0.9
very high VH 0.7 0.9 1
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| Extremely high | EH 0.9 | 1 | 1 |

Table 4 provides a fuzzy significance scale, assigning fuzzy weights to various levels of
significance. The symbols EL, VL, L, M, H, VH, and EH represent different levels of significance, ranging
from "Extremely Low" to "Extremely High." Each level is characterized by a fuzzy weight, which is defined
by a range of values: Extremely Low (EL) has a fuzzy weight range of 0 to 0.1, indicating negligible
significance. Very Low (VL), with weights between 0.0 and 0.3, indicates a slightly higher but still minimal
significance. Low (L) represents a range of 0.1 to 0.5, suggesting a noticeable but not strong significance.
Medium (M) indicates moderate significance with weights between 0.3 and 0.7. High (H) corresponds to
strong significance, with a range from 0.5 to 0.9. Very High (VH) signifies a near-maximal significance,
with weights from 0.7 to 1. Extremely High (EH) represents the highest significance, with a weight of 1.
This scale is used in fuzzy logic to model uncertainty and vagueness in data interpretation.

TABLE 5. The criteria’ s on a linguistic scale

DM1 DM2 DM3

Product Quality EH VL M
On-time Delivery EH VH
Cost M VH

Supply Chain Complexity M VL

Table 5 presents a linguistic scale for various criteria used to evaluate decision-making (DM1,
DM2, DM3) across different factors such as Product Quality, On-time Delivery, Cost, and Supply Chain
Complexity. Each factor is evaluated using linguistic terms that represent different levels of significance:
Product Quality is rated as "Extremely High" (EH) for DM1, "Very Low" (VL) for DM2, and "Medium" (M)
for DM3. On-time Delivery is rated as "Low" (L) for DM1, "Extremely High" (EH) for DM2, and "Very High"
(VH) for DM3. Cost is rated as "Low" (L) for DM1, "Medium" (M) for DM2, and "Very High" (VH) for DM3.
Supply Chain Complexity is rated as "Low" (L) for DM1, "Medium" (M) for DM2, and "Very Low" (VL) for
DM3. This table helps to quantify subjective evaluations in decision-making by translating them into fuzzy
terms that can be processed more systematically.

TABLE 6. Convert linguistic ratings of decision-makers into quantity values by using the selected fuzzy
number

DM1 DM2 DM3
Product Quality 0.9 1 1 0 0.1 0.3 0.3 0.5 0.7
On-time Delivery 0.1 0.3 0.5 0.9 1 1 0.7 0.9 1
Cost 0.1 03 |05 0.3 0.5 0.7 0.7 0.9 1
Supply Chain | 0.1 03 |05 0.3 0.5 0.7 0 0.1 0.3
Complexity

Table 2 represents the conversion of linguistic ratings from decision makers (DM1, DM2, and
DM3) into quantitative values using fuzzy numbers. Each factor (Product Quality, On-time Delivery, Cost,
and Supply Chain Complexity) is evaluated on a scale, with the linguistic ratings transformed into
numerical values that reflect varying levels of importance or satisfaction for each decision maker. The
fuzzy numbers used here represent uncertain or imprecise evaluations, with values ranging between 0
(low) and 1 (high). This approach helps in aggregating subjective assessments into a more structured
format, enabling clearer decision-making in uncertain environments.

TABLE 7. Calculate aggregated Fuzzy weights
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L-FW M-FW U-FW

Product Quality 0.40 0.53 0.67
On-time Delivery 0.57 0.73 0.83
Cost 0.37 0.57 0.73

Supply Chain Complexity 0.13 0.30 0.50

Table 7 shows the aggregated fuzzy weights (L-FW, M-FW, U-FW) for each factor (Product
Quality, On-time Delivery, Cost, and Supply Chain Complexity). These weights represent the lower,
middle, and upper fuzzy values, indicating the range of importance or preference given to each factor by
decision-makers. The L-FW (Lower Fuzzy Weight) reflects the minimum value, the M-FW (Middle Fuzzy
Weight) represents the average, and the U-FW (Upper Fuzzy Weight) shows the maximum value for each
criterion. These aggregated fuzzy weights help in handling uncertainty and variability in decision-making
by providing a range of possible values for each factor.

TABLE 8. Weighted normalized decision matrix

Weighted normalized decision matrix

Product Quality On-time Delivery Cost Supply Chain
Complexit

0.182 | 0.243 | 0.304 | 0.291 | 0.376 | 0.428 | 0.119 | 0.184 | 0.238 | 0.039 | 0.089 | 0.148
63364 | 51152 | 38941 | 07237 | 68189 | 04760 | 35564 | 45871 | 71128 | 60590 | 11327 | 52213
7 9 1 4 6 9 1 7 1 2 9 1

0.159 | 0.213 | 0.266 | 0.258 | 0.334 | 0.380 | 0.179 | 0.276 | 0.358 | 0.066 | 0.148 | 0.247
80444 | 07258 | 34073 | 73099 | 82835 | 48676 | 03346 | 68807 | 06692 | 00983 | 52213 | 53688
1 8 5 9 2 4 1 6 2 6 1 6

0.205 | 0.273 | 0.342 | 0.226 | 0.292 | 0.332 | 0.149 | 0.230 | 0.298 | 0.052 | 0.118 | 0.198
46285 | 95047 | 43808 | 38962 | 97480 | 92591 | 19455 | 57339 | 38910 | 80786 | 81770 | 02950
2 7 4 8 8 1 7 2 9 5 9

0.182 | 0.243 | 0.304 | 0.291 | 0.376 | 0.428 | 0.149 | 0.230 | 0.298 | 0.052 | 0.118 | 0.198
63364 | 51152 | 38941 | 07237 | 68189 | 04760 | 19455 | 57339 | 38910 | 80786 | 81770 | 02950
7 9 1 4 6 9 1 7 2 9 5 9

0.159 | 0.213 | 0.266 | 0.258 | 0.334 | 0.380 | 0.208 | 0.322 | 0.417 | 0.079 | 0.178 | 0.297
80444 | 07258 | 34073 | 73099 | 82835 | 48676 | 87237 | 80275 | 74474 | 21180 | 22655 | 04426
1 8 5 9 2 4 1 5 2 3 8 3

Table 8 presents the weighted normalized decision matrix, which is used to evaluate various
criteria (Product Quality, On-time Delivery, Cost, and Supply Chain Complexity) based on the fuzzy
weights calculated earlier. Each column corresponds to one of these factors, and the rows represent the
normalized values after applying the aggregated fuzzy weights. The values in this matrix represent the
normalized scores for each decision maker (DM1, DM2, DM3) with respect to each criterion, factoring in
their respective fuzzy weights. These normalized scores indicate the relative importance of each factor in
a standardized form, ensuring that the values are on a comparable scale.

For example, for "Product Quality," the values for different decision makers range from 0.1598 to
0.3767, reflecting varying levels of preference for this factor. Similarly, other factors like On-time Delivery,
Cost, and Supply Chain Complexity have their own set of normalized weighted scores. The use of a
weighted normalized matrix helps in simplifying complex decision-making by standardizing and
aggregating the different preferences of decision-makers while accounting for the uncertainty in their
assessments. This matrix can now be used for further decision-making processes, such as ranking or
choosing the optimal option based on the highest aggregated value across all factors.
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TABLE 9. A+ & A-

+ 205 | .27395 | .34243 | .29107 | .37668 | .42804 | .119 | .184 | .238 | .039 | .089 | .148
463 | 047 8087 2374 1896 7609 356 | 459 | 711 | 606 | 113 | 522

- 159 | .21307 | .26634 | .22638 | .29297 | .33292 | .208 | .322 | .417 | .079 | .178 | .297
804 | 2588 0735 9624 4808 5918 872 803 | 745 |212 | 227 | 044

Table 9 shows the positive ideal solution (A+) and negative ideal solution (A-) for the decision-
making process. A+ represents the best possible outcomes for each factor, while A- represents the worst
possible outcomes. These values are used in multi-criteria decision-making methods, such as the
Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS), to evaluate alternatives
based on how close they are to the ideal solutions. A+ values correspond to the highest performance for
each factor, while A- values correspond to the lowest. These solutions help in ranking alternatives by their
relative proximity to the ideal conditions.

TABLE 10. fuzzy positive ideal solution (FPIS)

FPIS | Local Supplier 0.031067 0 0 0
Global Supplier 0.062133 0.041068 0.093654 0.068387
Organic Supplier 0 0.082136 0.046827 0.034194
Fair Trade Supplier 0.031067 0 0.046827 0.034194
Multi-national Supplier 0.062133 0.041068 0.140482 0.102581

Table 10 presents the Fuzzy Positive Ideal Solution (FPIS) for different suppliers (Local Supplier,
Global Supplier, Organic Supplier, Fair Trade Supplier, and Multi-national Supplier) across various
criteria. The FPIS is a fuzzy representation of the best possible performance for each supplier on each
factor (Product Quality, On-time Delivery, Cost, and Supply Chain Complexity). Each row in the table
represents a different supplier, with the columns showing fuzzy values for the four factors. The values
range from 0 to the maximum, with higher values indicating better performance in the respective criteria.

For instance, the Global Supplier has higher fuzzy values across all criteria, especially for Cost
and Supply Chain Complexity, indicating its stronger performance in these areas. The FPIS helps in
identifying the ideal performance for each criterion, considering the uncertainty and imprecision inherent
in the decision-making process. By comparing the actual performance of each supplier to this ideal, it
becomes easier to assess the relative advantage of each supplier under the fuzzy set framework. This
approach allows for a more nuanced and flexible evaluation of alternatives, accommodating variations in
performance and making it possible to deal with real-world complexities.

TABLE 11. fuzzy Negative ideal solution (FNIS)

FNIS Local Supplier 0.031067 0.082136 0.140482 0.102581
Global Supplier 0 0.041068 0.046827 0.034194
Organic Supplier 0.062133 0 0.093654 0.068387
Fair Trade Supplier 0.031067 0.082136 0.093654 0.068387
Multi-national 0 0.041068 0 0
Supplier
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Table 11 presents the Fuzzy Negative ldeal Solution (FNIS) for different suppliers (Local
Supplier, Global Supplier, Organic Supplier, Fair Trade Supplier, and Multi-national Supplier) across
multiple criteria: Product Quality, On-time Delivery, Cost, and Supply Chain Complexity. The FNIS
represents the worst possible performance for each factor, which is used in decision-making methods like
the Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS). It helps to evaluate the
alternatives by measuring their distance from the worst-case scenario. Each row in the table corresponds
to a different supplier, with fuzzy values representing the negative ideal solution for each criterion. Higher
values in the FNIS correspond to worse performance.

For example, the Local Supplier has relatively high values for On-time Delivery, Cost, and Supply
Chain Complexity, indicating that it performs poorly in these areas. In contrast, the Global Supplier shows
lower values, suggesting it has better performance in comparison to the Local Supplier in these criteria.
The FNIS values are used to calculate the distance of each supplier from the negative ideal solution. The
objective is to minimize this distance, meaning that suppliers closer to the FNIS values should be less
preferred, while those closer to the Fuzzy Positive Ideal Solution (FPIS) are more favorable. This allows
for a clearer comparison of the suppliers' overall performance, considering the worst-case scenario for
each factor.

TABLE 12. Si+ & Si- & Cci & Rank

Si+ Si- Cci Rank
Local Supplier 0.031067 0.356265 0.919793 1
Global Supplier 0.265243 0.122089 0.315205 4
Organic Supplier 0.163157 0.224175 0.578768 3
Fair Trade Supplier 0.112088 0.275244 0.710616 2
Multi-national Supplier 0.346264 0.041068 0.106028 5

Table 12 presents the final evaluation metrics for different suppliers (Local Supplier, Global
Supplier, Organic Supplier, Fair Trade Supplier, and Multi-national Supplier) based on their proximity to
the Fuzzy Positive Ideal Solution (FPIS) and Fuzzy Negative Ideal Solution (FNIS). The table includes the
following metrics: Si+: The distance from the Fuzzy Positive Ideal Solution (FPIS), which indicates how
close each supplier is to the ideal performance. Smaller values of Si+ suggest that a supplier is closer to
the ideal solution, making it a better option. Si-: The distance from the Fuzzy Negative Ideal Solution
(FNIS), which measures how far each supplier is from the worst-case performance.

Larger values of Si- imply that a supplier performs better relative to the worst-case scenario. Cci
(Closeness Coefficient): Calculated as the ratio of the distance to the negative ideal solution (Si-) to the
total distance (Si+ + Si-). A higher Cci value indicates that a supplier is closer to the ideal solution
compared to the worst-case solution. This coefficient helps rank the suppliers by overall performance.
Rank: The ranking of suppliers based on their Cci value, where a higher Cci value corresponds to a better
ranking. The Local Supplier ranks first, suggesting it has the best performance overall, followed by Fair
Trade Supplier, Organic Supplier, and Global Supplier, with the Multi-national Supplier ranked last.
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0.9
0.8
0.7
0.6
0.5

0.4

' A

——Si+ ®— Si- Cci

FIGURE 3. Si+ & Si- & Cci

Figure 3 represents the comparative analysis of three indices: Si+ (Positive Ideal Solution), Si-
(Negative Ideal Solution), and Cci (Composite Closeness Index) for five entities or alternatives. These
indices are typically derived using multi-criteria decision-making (MCDM) methods like TOPSIS to rank
alternatives based on their relative closeness to an ideal solution. Si+ (Blue line): This represents the
distance of each alternative from the Positive Ideal Solution (PIS). Lower values indicate better alignment
with the PIS, suggesting superior performance. In the graph, Si+ values fluctuate, with alternative 5
showing the closest proximity to the PIS. Si- (Orange line): This measures the distance from the Negative
Ideal Solution (NIS).

Higher values indicate better performance, as they signify a farther distance from the NIS. Alternative 5
achieves the highest Si- value, reflecting its strength compared to others. Cci (Gray line): The Composite
Closeness Index integrates Si+ and Si- to determine the relative ranking of alternatives. Higher Cci values
denote closer proximity to the PIS. Alternative 1 initially has the highest Cci, but alternative 5 exhibits a
notable rise, eventually ranking as the strongest.
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FIGURE 4. Rank

The rank 6 represents the rank of five types of suppliers based on a specific criterion. The x-axis
denotes different suppliers, while the y-axis shows their respective rankings, with 1 being the lowest and
5 the highest. The chart reveals that the "Local Supplier" is ranked lowest at 1, followed by the "Fair
Trade Supplier" at 2. The "Organic Supplier" and "Global Supplier" are ranked slightly higher at 3 and 4,
respectively. The "Multi-national Supplier" tops the ranking with the highest score of 5. The line graph
visually connects the data points to illustrate the progression of rankings across these suppliers.

CONCLUSION

Fuzzy TOPSIS methodology to evaluate different types of suppliers in the food industry - Local,
Global, Organic, Fair Trade, and Multi-national suppliers - across four critical parameters: product quality,
on-time delivery, cost, and supply chain complexity. The results showed a number of noteworthy
conclusions that have crucial ramifications for food industry supply chain management. With the highest
closeness coefficient (CCI) of 0.919793, which denotes superior overall performance, local providers
were the clear winners. This high ranking can be attributed to their strong showing in product quality and
on-time delivery, likely due to their proximity to customers and shorter supply chains. Their performance
demonstrates that despite higher costs and limited scale, the advantages of local sourcing in terms of
reliability and quality control can outweigh these constraints.

Fair Trade suppliers ranked second with a Cci of 0.710616, showcasing that ethical sourcing
practices can be successfully combined with efficient supply chain management. Their strong
performance suggests that maintaining high ethical standards does not necessarily compromise
operational efficiency. Organic suppliers secured the third position (Cci = 0.578768), reflecting a balanced
approach between quality and operational constraints. Their performance indicates that while organic
certification and sustainable practices may present certain operational challenges, they can still maintain
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competitive supply chain operations. Global suppliers ranked fourth (Cci = 0.315205), while Multi-national
suppliers placed last (Cci = 0.106028). This somewhat surprising result suggests that larger scale and
broader reach do not automatically translate to superior supply chain performance. The complexity of
managing international operations and maintaining consistent quality across diverse markets may offset
the potential advantages of scale and resources. These findings have several important implications for
supply chain Partners in the food industry: The success of local suppliers highlights the growing
importance of supply chain resilience and the value of shorter, more manageable supply networks.

The strong performance of Fair Trade and Organic suppliers indicates that sustainable and
ethical practices can be successfully integrated into efficient supply chain operations. The relatively lower
rankings of global and multi-national suppliers suggest that supply chain managers should carefully weigh
the trade-offs between scale advantages and operational complexity. This analysis demonstrates that
effective supply chain Partners in the food industry require a balanced approach that considers multiple
factors beyond just cost and scale. The success of local and ethically-focused suppliers suggests that the
future of food supply chains may increasingly favor more sustainable, localized, and socially responsible
operations. This insight can help organizations make more informed decisions about supplier selection
and supply chain strategy development in the food industry.
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Evaluation of Supplier Selection in Supply Chain Management Using EDAS
Method

Supply chain management, or SCM, is essential to enhancing the flow of goods, information, and
money from suppliers to consumers. As markets change rapidly, businesses are focusing more on
making their supply chain management (SCM) more sustainable, with lean, resilient, and green strategies
as essential components. These tactics guarantee operational efficiency while assisting companies in
maintaining their competitiveness, cutting waste, and lessening their environmental impact. By
investigating the effects of lean, resilient and green supply chain management methods on sustainability,
this study seeks to close the knowledge gap. Research significance: This study attempts to fill a vacuum
in the literature by providing a conceptual model to assess how lean, resilient, and green supply chain
management practices affect supply chain sustainability. This tactic can help companies reduce waste,
preserve operations, boost customer value, and manage environmental issues.

Methodology: The following suppliers are alternatives: A, B, C, D, E, F, G, and H. Evaluation
criteria include product quality, lead time (days), cost, customer service, delivery time (days), and supply
disruption risk.

According to the results, Supplier F was ranked highest, while Supplier H was ranked lowest.
Conclusion: Supplier F has the highest value for supply chain management according to the EDAS
approach.

Key words: Supply Chain Management (SCM), Sustainability, Marketing Integration, Conceptual
Framework, Collaborative Development.

INTRODUCTION

Additionally, supply chain management (SCM) should prioritize sustainability. In a highly
competitive and turbulent market, SCM paradigms—Iean, resilient, and green approaches—help firms
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become more competitive and sustainable. The literature currently available focuses on these two SCM
paradigms: sustainability and the lean and green paradigms. By providing a conceptual model to examine
the connection between SC sustainability and lean, resilient, and green supply chain management
techniques, this study aims to close this research gap. This method can help businesses and the SCs
they are affiliated with reduce business waste. It not only lessens negative environmental effects but also
boosts customer value, keeps businesses running, and manages interruptions. [4] As the need for
clothing products keeps rising, the apparel business is expanding significantly. However, it is essential for
garment supply chains to maintain high consistency because this demand is frequently erratic and some
people may consider clothing to be a commodity. Numerous elements, including the garment's color, the
fabric type (rib or single jersey), competition among clothing companies, social media marketing, and—
most importantly—problems with suppliers, all affect the demand for clothes.

At any point in the supply chain, a supplier can be chosen. Some clothing firms purchase raw
materials from overseas vendors in order to meet international quality standards, while others use
outsourcing or third-party subcontractors to manufacture their products. [1] We review the literature and
integrate our findings with insights from an innovation-based collaborative development workshop and
group discussions at the validation center. There are three sections to the review. The advantages of
combining marketing and supply chain management are examined in the first section. The second section
defines demand chain management (DCM) and examines the literature on the topic. Finally, in the third
and main section, the conceptual model for DCM is presented. It also describes the roles of marketing in
DCM and links new themes from our research to the current literature. [2] Much of the growing body of
research on supply chain management, supply strategy, and operational strategy is descriptive in nature
and often focuses on explaining "what is." Three key elements make up current supply chain
management (SCM) policies: trend recognition, recommendation, and interpretation.

As stated earlier, one of our main objectives is to provide a comprehensive analysis of SCM
theory and practice. Our goal is to compare these insights with current practice in the field, in order to
complement the theoretical overview provided in the previous section. [3] The Management Development
Institute and KPMG India conducted a collaborative study titled "Supply Chain Management Practices in
India" in Gurgaon, India. The analysis uncovered serious flaws in India's supply chain management and
organization. [5] Given the potential for stakeholder conflicts and the lack of consensus on risk mitigation
strategies, managers often prefer to maintain flexibility rather than commit to prescribed risk management
approaches. The following section will focus on risks associated with supply chain management,
considering risk is a relatively recent development and an area where risk management practices are
underdeveloped. [6] For example, if a customer is heavily dependent on a particular supplier — which
increases the cost of switching to an alternative supplier — the customer cannot be certain that the
supplier will not take advantage of the situation by raising prices unless mitigating factors such as
contractual agreements are in place.

The first aspect of risk involves the future outcome, which can manifest itself in various ways, for
example, by increasing supplier prices. The second aspect relates to the likelihood that that outcome will
occur. In the context of a transaction cost economy (TCE), less regulated relationships have a higher
probability of opportunistic behavior. Therefore, risk involves both the range of possible outcomes and the
probability that they will occur. [7] A crucial component of corporate operations, supply chain
management (SCM) is concerned with the movement of products, data, and funds from supplier to
manufacturer to wholesaler to retailer to customer. Here are some key points about SCM: Integration of
functions: SCM integrates various functions within an organization, including marketing, operations, and
logistics, to improve efficiency and customer satisfaction. The marketing concept plays a significant role in
guiding organizations to prioritize customer satisfaction while maintaining profitability. Relationship
marketing: This study emphasizes the importance of relationship marketing in SCM. It suggests that
strong inter-organizational relationships lead to better information sharing and collaboration, which are
essential for effective supply chain operations. Market orientation: A market-oriented approach is crucial
for successful SCM. This involves understanding customer preferences and adjusting supply chain tactics
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accordingly. thereby improving overall performance. Cause and Effect Relationships: This study proposes
several cause-and-effect relationships between marketing and SCM, indicating that effective marketing
strategies can lead to improved supply chain management outcomes. Future research is encouraged to
further explore these relationships. Empirical Studies: To confirm the suggested connections and expand
our knowledge of how marketing influences SCM, the authors emphasize empirical research. This
includes qualitative analysis, surveys, and case studies that explore the relationships between different
disciplines. [8] Increasing operational efficiency and becoming more competitive require supply chains.

These partnerships could enhance resource allocation and organizational collaboration, two
things that are vital in the complicated corporate world of today. The significance of supply chain
management's environmental sustainability. Businesses are facing mounting pressure to implement eco-
friendly procedures, which may have an effect on their supply chain plans. According to the authors,
incorporating environmental factors into supply chain management is crucial for long-term success and is
also required by law. the actual connection between environmental management techniques and
successful supply chain alliances. By offering actual data from Korean businesses, the authors want to
close this knowledge gap and advance our understanding of the interactions between these factors.
Improved performance results for businesses are the result of strategic collaborations enabling effective
environmental supply chain management strategies. This covers not just financial performance but also
enhanced customer happiness and reputation, both of which are becoming more and more crucial in a
cutthroat market. The main objective of this study is to investigate empirically the relationships between
environmental supply chain management techniques, strategic supply chain partnerships, and
performance results.

The information gathered from this study is intended to assist companies in creating supply chain
strategies that are more effective and compliant with sustainability goals. [9] In order to further our
understanding of artificial intelligence (Al) in supply chain management (SCM), this study examines two
significant issues: What applications might artificial intelligence have in operations and supply chain
management? How can operations management include new developments in cutting-edge technologies
and diverse Al approaches? Furthermore, how might these findings impact different types of Al-driven
supply chain management, enhance visibility for senior decision-makers, and facilitate cost-effective
supply chain solutions? [10] It looks at how supply chain management strategies, such as lean, agile, and
hybrid supply chains, impact supply chain performance. It also examines how supply chain management
tactics, including as information exchange, customer service, and strategic supplier partnerships, affect
performance. The format of this document is as follows: After developing a conceptual model, the
research process is described through a review and synthesis of relevant literature.

After presenting and discussing the findings, the paper concludes with a summary of the main
concepts and conclusions. [11] On the topic of supply chain management, this investigation revealed
distinct and occasionally conflicting themes. Differing perspectives are not always harmful, but the debate
over how broadly an integrated supply chain can be defined has gained attention due to discussions at
both general management forums and specialized supply chain conferences. As a result, a further
evaluation of the literature and, in particular, a survey of the opinions and perspectives of supply chain
management scholars was used to develop this article. [12] The phrase “supply chain” often conjures up
ideas of rigidity, inflexibility, and linearity. The term “supply” is outdated and has little to do with
contemporary concepts such as mass customization. In an effort to identify new patterns, many authors
have suggested alternative terms such as “demand networks” or “customer-centric networks.” But for
now, “supply chain” is still the most common phrase. Whatever its nickname, supply chain management
seems to have a bright future. In this study, we examine supply chain management course offerings from
top graduate business and engineering schools. We begin by providing a framework that lists 12 essential
elements that are often present in a “typical” supply chain management program. [13] The notion that
supply chain management (SCM) may improve human performance is becoming more and more popular
among academics and industry experts. Even with this increased focus and effort, SCM remains a
mystery to us. Even while some empirical research has demonstrated that SCM practices enhance
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human performance, these results are usually inconsistent, especially when it comes to identifying and
characterizing the essential elements of the SCM framework. [14] For retailers and manufacturers, volatile
market conditions can cause investment skepticism and uncertainty. As a result, toy supply chains often
employ sourcing, manufacturing, distribution, and retailing strategies that are very different from those of
established industries.

To fill these theoretical and practical gaps, this study examines supply chain management (SCM)
technigues unique to toy supply chains. It also examines the rationale for adopting or not adopting certain
SCM techniques. [15] The results highlight that supply chain management efforts alone are not enough to
increase revenue and market share. Businesses must continually seek out new markets, embrace new
technology, and increase cost-effectiveness and delivery efficiency as product life cycles shorten. While
supply chain management provides the framework for implementing a well-thought-out go-to-market plan,
it cannot compensate for the shortcomings of a poorly thought-out plan. This requires managers to
integrate their purchasing and quality plans, methods, and KPIs with the overall strategies in marketing,
operations, finance, new product development, and sales. [16] A four-page survey tool was created for
managers in purchasing, logistics, and manufacturing based on a review of the literature and a few
preliminary interviews. Based on feedback from these interviews, the survey was improved.

Then, using three mailing lists of over 1,500 middle and senior managers selected from the
Institute of Supply Management (ISM), the Council of Supply Chain Management Professionals
(CSCMP), and APICS membership directories, a thorough pre-test was carried out. [17] Most definitions
of supply chain management (SCM) focus on the movement of money, information, and resources
required to transform raw materials into finished goods, often ignoring the service component of the
supply chain. Managing a serviced goods supply chain involves keeping an eye on the movement of data,
procedures, capacity (including people, buildings, and equipment), items, services, and money from the
first supplier to the last consumer. [18] A key component of Dustin’s supply chain operations is its IT
system, Taxa. The system serves as a shared platform for multiple organizations, enabling seamless
interactions between employees and customers, while integrating with unique websites designed for
specific target market segments. Developed in-house in 1995, when e-commerce was emerging and no
suitable systems were available, Taxa has since become a strategic asset and a key focus area for senior
management.

Overseen by senior management, the system undergoes continuous updates and madifications
to ensure it effectively supports the physical movement of goods. [19] Influenced by two distinct schools
of thought, many researchers in supply chain management (SCM) and logistics have explored methods
that work in conjunction with either a quantitative or qualitative approach — representing either the
interpretive paradigm or the behavioral school. Recognizing the limitations of quantitative methods, such
as their inadequacy in optimizing various parameters due to the interconnected nature of supply chains
without clear boundaries, researchers have advocated a more holistic perspective. They propose a
methodological triangulation, combining qualitative and quantitative approaches, to provide deep,
multidimensional insights into research challenges. Notably, they identify responsiveness as a valuable
analytical variable and a critical success factor in the mobile phone supply chain. [20]

MATERIALS AND METHODS

The median solution is one criterion used by the EDAS technigue to evaluate alternatives.
Specifically, it uses the positive distance from the median (PDA) and the negative distance from the
median (NDA) to select the best option. One important benefit that contributes to improving ranking
consistency is the EDAS technigue's capacity to offer a compromise choice in contrast to the median. For
instance, an intuitionistic fuzzy EDAS method has been proposed for assessing solid waste disposal
sites, and an extended hesitant fuzzy linguistic MCDM version of the EDAS approach has been
established. [21] By focusing solely on the distance from the average solution (AV), the EDAS method
provides a more straightforward approach than compromise approaches such as TOPSIS and VIKOR,
which call for calculating distances from both the positive ideal solution (PIS) and the negative ideal
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solution (NIS). The computational complexity is so reduced. By calculating the positive distance from the
average (PDA) and the negative distance from the average (NDA), the EDAS approach's main objective
is to determine which option among the group of possibilities is the best. [22] When analyzing conflicting
criteria, the EDAS approach is not only easy to implement but also effective.

The power averaging operator and the EDAS method together provide a robust way to overcome
the difficulties of group decision-making when competing criteria are involved. In contrast, according to a
review of the literature, this combination has not yet been used in the context of the single-valued
trapezoidal neurotoxin set (SVTNS). As a result, the introduction of the power averaging operator into the
SVTNS framework is a significant and important advance. [23] In the field of advanced fuzzy MCDM, the
EDAS technique is a little out of the ordinary. The EDAS technique can capture the range limitations of
positive and negative distances, as well as the various risk preferences of decision makers. This work
uses the EDAS approach to present a new model for MCDM problems in four-branch fuzzy settings in
order to close this gap. In addition to the deviation stability analysis, the model uses an entropy weighting
technigue that converts the interval weight vector of the criterion into a deterministic weight vector. Next,
multi-objective nonlinear control programming is used to create the integrated weight vector. [24] We
have devised a technique to select the best option from a small set of options based on how well a
medication fights the corona virus iliness.

Pythagorean probability hesitation is included into an EDAS-based multi-attribute decision-
making system. The EDAS technique was chosen due to its ability to handle decision-making difficulties,
especially in situations with competing criteria in multi-criteria group decision-making (MCGDM). The
positive distance from the mean solution (PDAS) and negative distance from the mean solution (NDAS),
which measure the degree to which each option deviates from the mean, are used to assess the
method's alternatives. A better option is implied by a higher PDAS number and a lower NDAS score. [25]
This is the first research paper to theoretically apply the EDAS approach to the fuzzy trapezoidal
bifurcation environment. The proposed Tr BF-EDAS approach is a practical tool for selecting and
evaluating different solutions in MCGDM problems using bifurcation bifurcation information. When dealing
with MCGDM problems, Tr BF-EDAS can be used in various fields such as manufacturing systems and
healthcare because it is efficient and requires less work in the evaluation phase. [26] The EDAS method
uses scale weights and the MCGDM approach to build models.

An operator effectively manipulates information related to the correlation of aggregated values,
helping to mutually enhance these values. To address potential biases, we use the PA operator to
aggregate assessment information from decision makers (DMs), thereby reducing the influence of unfair
or skewed data provided by biased DMs. [27] The EDAS technique has not been widely applied in the
field of advanced fuzzy MCDM. In addition to taking into account the various risk preferences of decision
makers, this approach successfully captures the range of positive and negative distances. This work uses
the EDAS technique to present a new model for MCDM problems in four-branch fuzzy systems in order to
close this gap. The interval weight vector of the criterion is converted into a deterministic weight vector by
integrating an entropy weighting technique with deviation stability analysis of the proposed model.

Furthermore, multi-objective nonlinear control programming is used to construct the integrated
weight vector. [28] Because the data employed in these approaches is frequently sparse and out-of-date,
the fuzzy EDAS method is less effective when dealing with modern decision-making scenarios, while
having been used to solve numerous creative decision-making difficulties. Additionally, the aggregation of
fuzzy EDAS data may impair the accuracy of decision-making insights. [29] The best option is the one
with the lowest negative distance from the mean (NDA) and the largest positive distance from the mean
(PDA). Using its unique benefits, such as appropriately expressing the independence of its subsets and
the relativity and completeness of expert assessments, the EDAS technique is applied for the first time to
neuromorphic ensembles. Thanks to this independence, experts can assign values to subsets with
greater flexibility. The proposed neuromorphic EDAS approach outperforms other types of fuzzy
ensembles by combining all the advantages of neuromorphic ensembles. [30]
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Alternatives (Suppliers)

The evaluated alternatives in a dataset for selecting a supplier in the apparel industry include suppliers.
The following suppliers are alternatives: A, B, C, D, E, F, G, and H

Evaluation Parameters

Benefit Parameters

Quiality of Products: Measures the quality of the products supplied.

Delivery Time: The average time taken to deliver products.

Customer Service: Evaluation of the responsiveness and support provided to customers.
Non-Benefit Parameters

Cost: The total cost of procurement from the supplier.

Lead Time: The time taken from order placement to deliver.

Risk of Supply Disruption: The likelihood of supply chain disruptions

ANALYSIS AND DISSECTION

TABLE 1. Evaluating Risks in Supply Chain Management

DATA SET
Q Deli C L Risk of
S | uality of | very Time | ustomer C | ead Time | Supply
upplier Products | (days) Service ost ($) (days) Disruption
10
A 8 5 9 |00 3 2
95
B 7 4 8 |0 2 3
11
C 9 6 7 |00 4 1
90
D 6 7 6 |0 5 4
10
E 8 3 9 |50 2 2
80
F 5 8 510 6 5
95
G 7 5 8 |0 3 3
90
H 6 4 7 10 2 2
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The quality of the products shows a range of 5 to 9, with Supplier C leading at 9 and Supplier F
receiving the lowest score at 5. The average quality score of 7 indicates generally good product
standards across suppliers. Delivery times vary considerably, ranging from 3 to 8 days, with Supplier F
showing the longest delivery time, but Supplier E showing impressive performance at just 3 days.
Customer service scores range from 5 to 9, with Suppliers A and E excelling at 9, while Suppliers D and F
receive the lowest scores at 6 and 5, respectively. Cost varies significantly from $800 to $1100, with
Supplier F offering the most competitive price at $800 and Supplier C the most expensive at $1100. Lead
times range from 2 to 6 days, showing considerable variation in supplier responsiveness. Supply
disruption risk scores range from 1 to 5, with Supplier C presenting the lowest risk (1) and Supplier F
presenting the highest risk (5). This metric is critical to supply chain reliability. The average values (AVj)
provide a useful benchmark for comparing individual supplier performance to the group, with most metrics
showing reasonable central tendencies that reflect overall market conditions.
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Risk Assessment in Supply Chain Management
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FIGURE 1. Risk Assessment in Supply Chain Management

This chart compares the risk ratings of eight suppliers (A through H) to the average value (AVJ) in
supply chain management, presented as a stacked bar chart. It emphasizes the cost metrics in dollars,
shown in yellow, which range from about 800 to 1100 units. Supplier C has the highest cost at about 1100
units, while Supplier F has the lowest cost at about 800 units. The other suppliers and the average value
(AVJ) mostly fall between 900 and 1000 units, which indicates a relatively stable price with a few
exceptions. Although the chart also includes factors such as product quality, delivery time, customer
service, lead time, and risk of supply disruption, these are rarely represented in the bars. This suggests
that cost is the main focus of the rating, but it does not fully reflect other important supplier performance
metrics. To conduct a comprehensive supply chain risk assessment, it is important to recognize that
focusing solely on cost metrics provides an incomplete understanding of supplier performance. Quality,
reliability, and risk of disruption are critical to assessing the overall sustainability of the supply chain.

64



Sciforce Publications
www.sciforce.org

TABLE 2. Positive Distance from Average (PDA)

Supplier Positive Distance from Average (PDA)
A 0.143 0 0.22 0.046 0 0
B 0 0 0.085 0 0 0.091
C 0.286 0.143 0 0.15 0.185 0
D 0 0.333 0 0 0.481 0.455
E 0.143 0 0.22 0.098 0 0
F 0 0.524 0 0 0.778 0.818
G 0 0 0.085 0 0 0.091
H 0 0 0 0 0 0

The dataset contains 48 positive mean distance values ranging from 0 to 0.818. As with the NDA
values, there are also a large number of zeros, which indicate frequent instances where the values
exactly match the mean, often indicating a system operating at baseline or equilibrium. The largest
deviations from the mean are 0.818 and 0.778, indicating substantial positive variance. The distribution is
noticeably skewed to the right, with most non-zero values falling between 0.1 and 0.3, while a few
extreme values range from 0.4 to 0.8. This distribution indicates periodic, significant spikes in the baseline
measurement. In addition, the data shows clusters of recurring values (such as 0.143 occurring multiple
times) and interspersed zeros with occasional positive deviations, which may indicate a system
experiencing periodic bursts of above-average performance. This pattern may reflect cyclical behavior or
episodic events in the measured process.

TABLE 3. Negative Distance from Average (NDA)

Supplier Negative Distance from Average (NDA)

A 0 0.048 0 0 0.111 0.273
B 0 0.238 0 0.007 0.407 0

C 0 0 0.051 0 0 0.636
D 0.143 0 0.186 0.059 0 0

E 0 0.429 0 0 0.407 0.273
F 0.286 0 0.322 0.163 0 0

G 0 0.048 0 0.007 0.111 0

H 0.143 0.238 0.051 0.059 0.407 0.273
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The dataset provides the negative distance from the mean for 48 data points, with values ranging
from 0 to 0.636. A significant pattern of zero values occurs frequently, indicating that many data points
are exactly aligned with the mean. This high frequency of zeros indicates periods of stability or steady
performance within this high frequency pattern of zeros. A large NDA value of 0.636 indicates a
significant negative deviation from the mean, while many more moderate deviations, such as 0.407,
appear many times. The distribution is skewed to the right, with most non-zero values falling between
0.05 and 0.3, indicating that when deviations occur, they are small or moderate. Some values, such as
0.273 and 0.407, occur frequently, which may indicate regular patterns or recurring conditions in the data
generation process. Intermittent occurrences of non-zero values between zeros may indicate periodic
events or periodic deviations from steady conditions.

TABLE 4. Weight

Supplier | Weight

A 0.25 0.25] 0.25] 0.25 | 0.25 | 0.25
B 0.25 0.25] 0.25] 0.25 | 0.25 | 0.25
C 0.25 0.25|0.25| 0.25 | 0.25 | 0.25
D 0.25 0.25|0.25| 0.25 | 0.25 | 0.25
E 0.25 0.25|0.25| 0.25 | 0.25 | 0.25
F 0.25 0.25|0.25| 0.25 | 0.25 | 0.25
G 0.25 0.25|0.25| 0.25 | 0.25 | 0.25
H 0.25 0.25|0.25| 0.25 | 0.25 | 0.25

This data shows a consistent weighting scheme where each factor or criterion is assigned an
equal weight of 0.25 (or 25%) across the 48 data points. The even distribution of weights across all 48
data points indicates a balanced evaluation approach in which no single criterion is given more
importance than the others in the decision-making process. This equal weighting scheme suggests a
democratic approach to supplier evaluation, where each performance measure or evaluation criterion
contributes equally to the final evaluation. Such an approach eliminates the bias that can arise from
prioritizing some factors over others. However, it is worth noting that in real-world applications, different
criteria may warrant different weights based on strategic importance or business priorities. The
consistency of the weights (adding up to 1.00 or 100% for each set of four criteria) ensures a
standardized evaluation framework that can be applied uniformly across all suppliers or performance
areas being evaluated.

TABLE 5. Weighted PDA & SPi

Supplier Weighted PDA SPi
A 0.03571 0 0.05508 0.01144 0 0 0.10224
B 0 0 0.02119 0 0 0.02273 0.04391
C 0.07143 0.03571 0 0.03758 0.0463 0 0.19102
D 0 0.08333 0 0 0.12037 0.11364 0.31734
E 0.03571 0 0.05508 0.02451 0 0 0.11531
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0 0.13095 0 0 0.19444 0.20455 0.52994
G 0 0 0.02119 0 0 0.02273 0.04391
0 0 0 0 0 0 0

This data provides a weighted positive distance from the mean (PDA) matrix, centered on the
Supply Performance Index (SPi) metrics. The highest value in the dataset is 0.52994, which stands out as
a highly significant weighted score, followed by significant values of 0.31734 and approximately 0.20455,
indicating significant positive deviations from the mean performance. The dataset also contains several
zero values (0.00000), indicating that some suppliers performed at or below the mean benchmark. The
middle range contains several moderate values between 0.10000 and 0.19444, indicating small but still
significant positive deviations from the mean. The varying magnitudes of the weighted scores help identify
which suppliers are performing better than the mean on specific performance metrics. This analysis is
valuable for identifying exceptional performance and best practices that can be applied across other
suppliers.

TABLE 6. Weighted NDA & SNi

Supplier Weighted NDA SNi
A 0 0.0119 0 0 0.02778 0.0681818 | 0.10786
B 0 0.05952 0 0.00163 0.10185 0 0.16301
C 0 0 0.01271 0 0 0.1590909 0.1718
D 0.03571 0 0.04661 | 0.01471 0 0 0.09703
E 0 0.10714 0 0 0.10185 0.0681818 | 0.27718
F 0.07143 0 0.08051 | 0.04085 0 0 0.19279
G 0 0.0119 0 0.00163 0.02778 0 0.04132
H 0.03571 0.05952 0.01271 0.01471 0.10185 0.0681818 0.29269

This data provides a detailed weighted Normalized Decision Analysis (NDA) matrix comparing the
Supply Performance Index (SPi) and Supplier Negotiation Index (SNi) at various decision points. The
highest weighted value, 0.29269, appears at the end of the dataset, followed by significant values of
0.27718 and 0.19279, indicating that these are key decision points in the supplier evaluation process.
Several zero values (0.00000) are interspersed, indicating that certain criteria have no impact on specific
supplier evaluations. In addition, there are moderate values ranging from 0.05 to 0.15, indicating varying
levels of importance in the decision-making process. The distribution reflects a carefully weighted system,
where some factors are assigned more importance than others. This weighted approach allows for more
refined supplier selection decisions by accounting for the relative importance of different performance and
negotiation criteria.

TABLE 7. Spi & SNi

Supplier SPi SNi

A 0.19292 0.63147
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B 0.08287 0.44306
C 0.36046 0.41302
D 0.59882 0.66849
E 0.21759 0.05300
F 1.00000 0.34133
G 0.08287 0.85884
H 0.00000 0.00000

The data shows the Supplier Performance Index (SPi) and Supplier Negotiation Index (SNi)
scores for eight suppliers. In terms of SPi, Supplier F leads with a perfect score of 1.00000, followed by
Supplier D at 0.59882. Supplier C shows moderate performance at 0.36046, while Suppliers E and A
have low scores at 0.20. Suppliers B and G share the same low score of 0.08287, and Supplier H scores
0.00000. For SNi, Supplier G shows strong negotiation ability at 0.85884, followed by Supplier D
(0.66849) and Supplier A (0.63147). Suppliers B and C show moderate negotiation scores, while Supplier
F, despite its excellent SPi score, has a low SNi of 0.34133. Suppliers E and H show weak negotiation
performance.

TABLE 7. ASi

Supplier ASi

0.41220

0.26296

0.38674

0.63365

0.13529

0.67066

0.47085

I | M m O O W >

0.00000

The ASI (Approved Supplier Index) scores reveal significant performance variations among the
eight suppliers. Supplier F leads with a maximum score of 0.67066, followed closely by Supplier D with a
score of 0.63365, indicating strong performance among these top suppliers. Supplier G shows above-
average performance with a score of 0.47085. The middle range includes Supplier A (0.41220) and
Supplier C (0.38674), while Supplier B scores significantly lower at 0.26296. Supplier E shows relative
performance with a low score of 0.13529, and Supplier H's score of 0.00000 indicates critical
performance issues that require immediate attention. The spread of these scores helps identify high-
performing suppliers and those that need significant improvement.
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FIGURE 2. ASi

This graph illustrates the Authorized Supplier Index (ASI) analysis across various suppliers,
combining a bar chart with an overall percentage line (Pareto curve). The data is sorted in descending
order, with Supplier F having the highest ASI value at approximately 0.67, while Supplier H has the lowest
value at 0.15. The blue bars represent the individual ASI scores for each supplier, showing a clear
downward trend from left to right. Following Supplier F, there is a gradual decline in ASI values through
Suppliers D, G, A, C, B, E, and finally H. The orange line superimposed on the graph depicts the overall
percentage, forming a characteristic S-curve that approaches 100% at the end of the dataset. This Pareto
analysis reveals significant variation in supplier performance. The sharp rise in the overall line for top
suppliers indicates that a small number of suppliers contribute significantly to the total ASI score. This
visualization is typically used to identify key suppliers or areas that have the greatest impact on overall
performance, allowing management to focus their efforts and resources where they can make the most
difference. This distribution, particularly among low-performing suppliers such as Suppliers E and H,
highlights areas where there is potential for improvement.

TABLE 7. Rank

Supplier Rank
A 4
B 6
C 5
D 2
E 7
F 1
G 3
H 8
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This supplier ranking data establishes a clear order of performance among eight suppliers (A to
H). Supplier F stands out as the best performer, ranking 1st, followed by Supplier D in 2nd place, and
Supplier G in 3rd place. Supplier A ranks 4th. The bottom half of the ranking reveals a gradual decline in
performance, with Supplier C in 5th place, Supplier B in 6th place, Supplier E in 7th place, and Supplier H
in the last 8th place. This well-defined ranking helps management identify high-performing suppliers and
those who may need improvement efforts.

Rank

Supplier A Supplier B Supplier C Supplier D Supplier E Supplier F Supplier G Supplier H

FIGURE 3. Rank

This graph shows a ranking system for suppliers A through H, where a lower ranking number
generally indicates better performance. The line graph shows significant variations in supplier rankings
across the period or scale being evaluated. The trend line reveals several notable patterns. It starts at a
moderate level with Supplier A, then shows an upward trend through Suppliers B and C (indicating
declining performance), followed by a sharp improvement for Supplier D, which reaches one of the best
rankings at approximately 2nd place. Then there is a dramatic decline in the performance of Supplier E,
which reaches 6th place, followed by a significant improvement for Supplier F, which reaches a best
ranking position near 0. After this peak performance, there is a gradual decline in the ranking through
Supplier G, culminating in Supplier H showing one of the worst performances at 6th place. This ranking
visualization effectively highlights the considerable performance variation among suppliers. Supplier F
stands out as the best performer, while suppliers E and H show about performance levels. Such ranking
systems are valuable tools for supply chain management, helping to identify high-performing suppliers
that can serve as benchmarks and those that require intervention or improvement programs

CONCLUSION

The effective movement of products, services, and information at all levels—from suppliers to
customers—is made possible in large part by supply chain management, or SCM. The importance of
SCM extends beyond traditional logistics and purchasing functions, and is increasingly linked to
sustainability. In an unstable global marketplace with rising consumer expectations, SCM encompasses
three primary paradigms — lean, resilient, and green — that aim to improve sustainability and

70



www.sciforce.org

competitiveness. By integrating these approaches, businesses can optimize supply chains to reduce
waste, increase customer value, ensure operational resilience, and reduce environmental impact.
Although the majority of the literature currently in publication concentrates on the lean and green
paradigms—the former emphasizing efficiency and waste reduction, while the latter focuses on
sustainable sourcing and environmental protection—little is known about how these strategies interact,
particularly when resilience is regarded as a crucial element of handling disruptions. By putting out a
conceptual model to evaluate the effects of lean, resilient, and green supply chain management
strategies on overall supply chain sustainability, this study seeks to close this gap. In the garment
business, where supplier selection and management are crucial because of variable supply and demand,
supply chain sustainability is especially significant.

Companies often rely on international suppliers or outsource production, which meet high global
quality standards. To address these challenges, the research combines insights from a literature review,
collaborative development workshop, and panel discussions. The first section of the review highlights the
benefits of integrating marketing strategies with SCM to improve customer satisfaction. The second
section explores demand chain management (DCM), focusing on integrating demand and supply
strategies to improve the flow of goods. The third section introduces a conceptual DCM model,
connecting emerging research themes with established literature, and underlining the role of marketing in
shaping DCM strategies. By evaluating positive and negative distances from the mean, the EDAS
technigue assesses alternatives and assists in determining the optimal solution based on these metrics.
Techniques like extended hesitant fuzzy linguistic MCDM versions and intuitionistic fuzzy EDAS are
employed in a variety of settings, including the assessment of waste disposal sites, where their strength is
in producing rankings that are consistent and balanced.
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Performance Analysis of Block Chain Architectures Using Weighted Product
Model (WPM)

This study explores Integrating block chain technology with the Weighted Product Model (WPM)
provides a structured and reliable approach to decision-making framework. Known for its decentralized,
consistent, and tamper-proof nature, block chain facilitates trustless interactions using cryptographic
hashing, digital signatures, and distributed consensus. The research uses the WPM methodology to
evaluate and compare various block chain architectures, including standard models and tailored WPM-
based variations—symmetric, low-power/low-area, and high-performance designs.

Key performance indicators include interconnected and transistor areas, processing efficiency,
and power consumption. WPM-symmetric architectures consistently received top rankings, while low-
power/low-area designs showed strong preference scores, despite ranking third overall. Analysis of the
normalized decision matrix highlights significant trade-offs among design factors, with each model fine-
tuned for specific operational goals. The integration between block chain’s decentralized structure and
WPM’s multiplicative decision model suggests strong potential for their integration in future applications —
particularly in supply chain systems and other areas that require both secure data handling and robust
decision-making processes. While widespread adoption still faces technical hurdles, the study shows that
combining these technologies could significantly improve system performance, security, and efficiency in
sectors such as logistics, healthcare, and finance.

Keywords: Block chain Technology. Weighted Product Model (WPM), decentralized systems,
and multi-criteria decision analysis, Design Optimization.
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INTRODUCTION

This chain continues to expand as new blocks are added. Block chain technology is defined by
several essential features, including decentralization, consistency, anonymity, and the ability to be
audited. It works effectively in decentralized environments by combining key Technologies such as
cryptographic hash functions, asymmetric cryptography for digital signatures, and consensus
mechanisms in distributed networks protocols. [1] These services and systems have been enhanced to
their full potential through advances in digital technologies and the use of online storage and processing
via remote data centers and cloud platforms.

As efficiency, effectiveness, and service quality have reached peak levels, the focus has been on
improving the consumer experience. As a result, the demand for more interactive and engaging services
is increasing, which is driving providers to continually raise their standards and improve their offerings. [2]
We believe that a full-scale block chain-based transformation It may still be years before businesses and
governments widely adopt block chain. This is because block chain is not a typical “disruptive” technology
that quickly replaces existing business models with cost-effective alternatives. Rather, it represents a
foundational innovation with the potential to create entirely new structures for our economic and social
systems structures. [3] Distributed ledger technologies (DLTs) have been developed to manage
databases by distributing data across multiple locations. Block chain is a specific type of DLT that
accomplishes this (see Figure 1). Block chain-based systems operate in a decentralized manner,
involving a large number of independent agents, or participants.

These participants interact through peer-to-peer (P2P) communication, forming a collaborative
network. [4] Bitcoin and its underlying block chain enable parties who do not trust each other to conduct
financial transactions without Eliminating reliance on a centralized trusted authority, while maintaining
data transparency and ensuring its integrity. Because of these features, block chain technology has
attracted significant interest beyond financial applications - expanding into areas such as distributed cloud
storage, smart assets, and decentralized autonomous organizations. [5] Block chain is essentially a
sequence of blocks that record all confirmed transactions in a public ledger. It operates in a decentralized
environment, made possible by integrating key Technologies such as digital signatures, cryptographic
hash functions, and distributed consensus protocols help handle transactions in a decentralized way,
eliminating the need for intermediaries to authenticate or verify them. [6]

Transactions are digitally signed using the seller's credentials to prevent them from being
repudiated. A centralized ledger is avoided due to both trust issues and the impracticality of storing a
large number of transactions in one place. Instead, crypto currencies such as Bit coin use a distributed
ledger system, where each computer participating in a transaction of a particular currency (or fraction
thereof) maintains a copy of that currency's transaction history. [7] Our model is applicable to improving
any supply chain, and the case study in this project focuses specifically on the agricultural sector. By
integrating block chain technology, the agricultural system benefits from strong security features —
products can be tracked, their origin and movement can be verified, and all transactions can be securely
recorded and protected from tampering.

A unique feature of this work is the use of agents that ensure that both parties comply with the
terms defined in smart contracts. [8] However, since improving quality has little benefit if consumers can
distinguish between genuine and counterfeit goods, BNC compromises product quality when adopting
PBT. In addition, the model is extended to examine situations where BNC independently adopts PBT. In
the absence of a double marginalization effect, if BNC implements it on its own, block chain technology
can remain in the market, even with a small number of new customers. [9] The primary contribution of our
research is the design and implementation of a software connector module that connects an Ethereal-like
block chain to a common enterprise information system. This integration allows enterprises to send data
to the block chain and verify its authenticity, integrity, and immutability over time. For this study, we used
a public Ethereal-like block chain called Unical Coin, which acts as a decentralized ledger to store
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information related to demand forecasts and inventory levels. [10] Within Bitcoin systems, the block chain
serves as a secure, transparent, and trusted public ledger that records all Bitcoin transactions on the
network serves a vital function in protecting transactions from typical security and trust concerns such as
double spending, unauthorized access to private data, reliance on centralized authorities, and the
inherent problems of decentralized computing environments. [11]

Furthermore, these technologies are paving the way for innovative Business models that were
impossible a few years ago are now becoming possible. These new and emerging models are
transforming a variety of industries, including finance, healthcare, manufacturing, and logistics. While the
Internet has helped create a multitude of business and service models, challenges still remain —
particularly in securely recording and verifying agreements between parties involved in commercial
transactions. [12] For example, Bitcoin uses a consensus method called Proof-of-Work (Pow), which
empowers those who spend significant computational resources to update the ledger. Alternatively, some
block chains use Proof-of-Stake (Pops), where voting power is assigned based on the amount of tokens
participants hold. In both approaches, maintaining the integrity and consistency of the ledger relies on
incentivizing the majority of participants to behave honestly. [13] Block chain technology is considered a
revolutionary approach with potential transform all types of transactional relationships and even influence
behavior.

The key component driving this transformation is the creation of blocks of data that are openly
shared and accessible to all stakeholders within a decentralized network, enabling open and secure
transactions. [14] One of the most distinctive characteristics of block chain from other disruptive
innovations is its inherent global and transnational nature. It is uniquely designed to bypass national
borders and traditional institutional structures. Block chain enables the seamless transfer of data and
economic value, regardless of the geographical locations of network participants (nodes). [15]

MATERIALS AND METHOD

Conventional design: Traditional engineering design typically follows a continuous process
where an initial concept is continuously analyzed and refined until an acceptable solution is achieved. At
each step, the characteristics of the design are evaluated and measured against defined requirements.

WPM balanced design: Mechanical Design: The WPM is mechanically designed to be user-
friendly, quick to set up, safe, durable and stable, making it ideal for touring applications.

WPM low power and low area design: The Wave-Pipe Multiplexed (WPM) routing method aims
to reduce power consumption and chip area by exploiting idle interconnect periods and enables low-
overhead wire sharing for intra-microcell communication, which can trigger reconfiguration of the routing
system.

WPM high performance design: The average typing speed is approximately words per minute
(WPM), with WPM considered impressive and WPM considered very advanced.

Conventional design: Conventional engineering design typically follows a continuous process
where an initial idea is repeatedly analyzed and refined until a satisfactory solution is reached. At each
stage, the design's attributes are evaluated and matched to established specifications.

Interconnect area: In integrated circuits (ICs), interconnects are electrical paths that connect
multiple circuit components, such as transistors. Their design and layout play a critical role in ensuring the
IC's functionality, performance, power efficiency, reliability, and manufacturing yield.

Transistor area: These bias modes allow the transistor circuit to operate within four separate
regions: active, saturation, cutoff, and reverse active.

Performance: The noun performance first appeared in the late Middle Ages in the sense of
"achievement" or "accomplishment" of a task, derived from performing in conjunction with the suffix -acne.

77



www.sciforce.org

It later came to mean "something accomplished" or "a completed act". Over time, the term also evolved to
describe "the act of presenting a play or similar activity”, and eventually came to mean "a public
entertainment".

Power dissipation: At any given time, the power dissipated by a transistor is calculated by
multiplying the collector current by the collector-emitter voltage. Like resistors, transistors have a power
rating that indicates the maximum power they can safely handle without damage.

WPM method: In this study, we compare distributed and reliable vertical handover decision
schemes by considering the decision-making process as a distributed task across networks. This
approach aims to reduce the processing delays resulting from the exchange of information messages
between the mobile terminals and neighboring networks. To achieve decentralized decision-making, the
vertical handover process is modeled as a problem involving multiple criteria in decision making (MCDM).
[16] To address as a problem involving multiple criteria in decision making (MCDM) routing decisions, the
proposed scheme uses a weighted product model (WPM), which is based on a relational evaluation
framework. The methodology adopted in this study is detailed in Section, which includes the application of
the proposed multi-criteria decision-making model and the weighting process are discussed.

Section V describes its implementation on the Dynos platform, followed by an evaluation of the
proposed method in the next section. [17]A WPM-based algorithm is introduced to facilitate context-aware
access to explosion-proof buildings. This approach prioritizes the most important criteria by considering
the real-time location of the user. By using WPM sensitivity analysis, a weighted distribution strategy is
applied. This technique has been proven effective in various decision-making situations. The evaluation
includes a comparative analysis between WPM and TOPSIS methods. [18] Weighted Product Model
(WPM) is a method commonly used in both multi-criteria decision analysis (MCDA) and multi-criteria
decision making (MCDM) processes. Its main difference lies in using multiplication as the central
mathematical operation instead of addition. This study aims to propose a customer-centric evaluation
method for personalized product development. [19] To address the complexity of routing decisions, the
proposed approach uses a weighted product model (WPM), which is built on a relational evaluation
framework.

The methodology adopted in this study is outlined in Section lll, an implementation of the
proposed multi-criteria decision-making model is presented is introduced. The process of weight
calculation is detailed in Section IV. [20] Weighted product modeling (WPM) is a widely recognized and A
generally accepted approach to decision-making involving multiple criteria (MCDM) for evaluating multiple
alternatives across multiple decision criteria. In this approach, each alternative is evaluated by multiplying
several Ratios are calculated for each criterion, with each ratio raised to the power of the corresponding
relative weight criterion.[21] Therefore, when dealing with a small the choice of decision-making criteria
and their magnitude definition does not significantly affect the result. In addition, the number of
alternatives in an experimental situation seems to have a minimal influence.

This is evident from the similarity of the curves shown in the figure illustrating the specific results
using WPM - indicating problems with varying numbers of alternatives. Comparable trends were also
observed with other methods. [22] In the provided case study, four facade design Various alternatives for
public or commercial buildings were evaluated using twelve evaluation criteria. These alternatives were
ranked using the Weighted Product Model (WPM), a composite scale that incorporates weighted
aggregation. Furthermore, elements of the MOORA method — the ratio system and the reference point
approach — were used in the evaluation process, along with a complete multiplicative format were used.
[23] This method involves multiplying the priority or weighted value assigned to each attribute. The
resulting products for each attribute of a given node are then summed to calculate an overall score, which
is useful for ranking purposes. One advantage of this approach is that it directly transforms the raw data
while preserving the relative order of the ranked scores. Essentially, the Weighted Product Model (WPM)
works as a multiplicative variant. [24]A dual-log matrix is constructed using data obtained from crime
scene investigations, with locations represented as rows.
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The columns contain various characteristics, including autopsy findings, environmental factors,
and four parameters related to the postmortem interval (PMI), such as the presence or absence of
clothing, mud, and macro-vertebrates. For autopsy changes, each cell in the matrix is assigned a value of
1 or 0, indicating whether a particular condition was observed or not.[25] The table provides Summary of
statistics related to measurement accuracy, exposure regulation, and material usage across nine distinct
material selection techniques Compared to the MI method, all evaluated item selection techniques
provide similar, minimal, levels of bias in both mean and absolute values. Among them, WPM _fixed, STA,
and M2_MPI show mean square error (MSE) values that are the results of the Ml method are somewhat
more consistent compared to other methods approaches. [26] Next, cyber activities are classified
according to their level of seriousness. In addition, the "consequences"-based assessment model and the
qualitative criteria outlined by a global team of experts in "Tallinn Handbook on International Law
Applicable to Cyber Warfare" are discussed.

This section includes detailed explanations of both Simple Additive Weighting (SAW) technique
and Weighted Product Model (WPM) approach.[27] To improve the existing approach, a machine learning
model is proposed to improve the estimation of trust scores, aiming to predict trustworthiness through a
trained model based on future transactions. The approach starts with an unsupervised learning algorithm
to identify clusters of trusted and untrustworthy entities. Unsupervised learning is preferred over
supervised techniques due to the lack of labelled training data dataset that reflects trust-based
relationships. [28] In this paper, we also provided a theoretical explanation for why the problems
associated with two-criteria aggregation methods - when there are the problems associated with dealing
with benefit and cost criteria in a multiplicative decision analysis (MCDA) problem are avoided when using
two multiplicative MCDA methods: weighted product model (WPM) and multiplicative analytic hierarchy
process (AHP).

While this does not mean that these methods are flawless, their consistent ranking results can be
considered a significant advantage. [29] The main objective of this study is to develop a flexible wire-
sharing strategy suitable for broad application in on-chip interconnects at all levels within very large-scale
integration (VLSI) systems. This work presents a wave-pipelined multiplexed (WPM) routing method
designed for both intra-microcell and inter-microcell connectivity. The results indicate that the extensive
application of the WPM technique provides significant improvements in area utilization, power efficiency,
and overall system performance. [30]

RESULT AND DISCUSSION
TABLE 1. Block chain

Interconnect Transistor Power
Performance L
area area dissipation
Conventional design 22.33 32.48 28.93 37.95
WPM balanced

design 45.86 97.63 85.12 48.92

WPM low power and
low area design 97.42 78.94 67.38 90.74

WPM high

performance design 12.46 28.74 82.39 17.28
Conventional design 83.57 87.46 97.36 94.73

Table 1 illustrates the interoperability of block chain architectures using the WPM method,
revealing the trade-offs between interconnect area, transistor area, performance, and power
consumption. A high-performance WPM design provides the best performance with minimal area and
power consumption, whereas a symmetrical variant improves performance at the expense of increased
area. Each WPM configuration is tailored to specific design objectives.
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FIGURE 1. Block chain

Figure 1 illustrates the compatibility of block chain architectures based on WPM method,
highlighting comparisons in interconnect area, transistor area, performance, and power consumption. The
high-performance WPM design shows superior performance with minimal area and power requirements,
while the symmetrical and low-power models target specific benefits, reflecting the flexibility of WPM
across a variety of design requirements.

TABLE 2. Performance value

Performance value
Conventional
design 0.22921 0.33268 1.00000 0.45534
WPM balanced
design 0.47075 1.00000 0.33987 0.35323
WPM low power
and low area
design 1.00000 0.80856 0.42936 0.19043
WPM high
performance
design 0.12790 0.29438 0.35113 1.00000
Conventional
design 0.85783 0.89583 0.29714 0.18241

Table 2 shows the performance values of different block chain architectures implemented with the
WPM method, highlighting the trade-offs that occur based on specific design objectives. The high-
performance WPM model achieves peak performance in one area, while remaining balanced in others.
Meanwhile, the symmetric and low-power variants provide moderate results, demonstrating the flexibility
of WPM for varying design needs.
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FIGURE. 2.Performance value

Figure 2 presents the performance values obtained using the Weighted Product Model (WPM) on the four
evaluation criteria. Among the alternatives, the WPM low-power and low-area design recorded the
highest performance value (1.00000) on the first criterion, while the WPM symmetrical design excelled on
the second (1.00000). The WPM high-performance design dominated the fourth criterion with a perfect
score of 1.00000. The conventional design showed mixed results, appearing twice with different scores,
perhaps under different evaluation conditions. These performance values highlight how each design
excels in specific areas, supporting targeted selection based on design priorities.

TABLE. 3.Weight

Weight

Conventional design 0.75 0.75 0.75 0.75
WPM balanced design 0.75 0.75 0.75 0.75
WPM low power and

low area design 0.75 0.75 0.75 0.75
WPM high performance

design 0.75 0.75 0.75 0.75
Conventional design 0.75 0.75 0.75 0.75

Table 3 shows the weight values assigned to different block chain designs based on the WPM
method. Each design type — conventional, symmetric, low power and area, and high performance —
receives the same weight of 0.75 for all criteria, ensuring a standardized evaluation approach for
consistent comparison and objective performance analysis.

TABLE. 4.Weighted normalized decision matrix

Weighted normalized decision matrix

Conventional design 0.33127 0.43805 1.00000 0.55431
WPM balanced design 0.56832 1.00000 0.44513 0.45819
WPM low power and

low area design 1.00000 0.85268 0.53041 0.28828
WPM high

performance design 0.21387 0.39965 0.45615 1.00000
Conventional design 0.89136 0.92081 0.40246 0.27912

Table 4 shows the weighted and normalized decision matrix associated with the various
alternatives block chain design alternatives using the WPM method. These values indicate the
performance of each design after applying weighted normalization. The high-performance and low-power
WPM models exhibit significant strengths in specific benchmarks, highlighting the adaptability of the
method to specific performance objectives and design requirements.
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TABLE. 5.Preference Score

Preference Score
Conventional design 0.08044
WPM balanced design 0.11591
WPM low power and low area design 0.13038
WPM high performance design 0.03899
Conventional design 0.09220

Table 5 presents the preference scores for different block chain design alternatives using the
WPM method. Of these, the WPM design with low power and low area received the highest score ranks
highest, indicating its overall performance. The symmetrical design comes next, while the high-
performance model has the lowest score, highlighting the trade-offs associated with design
considerations.

PREFERENCE SCORE

0.14000
0.12000
0.10000
0.08000
0.06000
0.04000
0.02000

0.00000
Conventional WPM WPM low WPM high Conventional
design balanced power and low  performance design
design area design design

FIGURE 3. Preference Score

Figure 3 illustrates the preference scores calculated using the Weighted Product Model (WPM)
method. The WPM low-power and low-area design received the highest score of 0.13038, indicating it as
the most preferred option favorable option. Conversely, the WPM high-performance design received the
lowest score of 0.03899. The conventional design appeared with two close scores of 0.08044 and
0.09220, which may reflect different evaluation environments. The WPM balanced design showed strong
performance with a score of 0.11591. Overall, the findings emphasize the superiority of optimized WPM-
based designs over the traditional design in supporting decision-making processes.

TABLE 6. Rank

Rank
Conventional design 2
WPM balanced design 1
WPM low power and low area design 3
WPM high performance design 5
Conventional design 4

Table 6 provides rankings of various block chain designs based on the WPM method. The WPM
symmetric design has the highest ranking, reflecting its excellent overall performance. The low-power and
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low-area model ranks third, while the high-performance design ranks fifth, highlighting its focused
tradeoffs. Conventional designs fill the other positions.

RANK

4 I I

w

N

=

0
Conventional WPM balanced WPM low power  WPM high Conventional
design design and low area  performance design
design design

FIGURE. 4. Rank

Figure 4 illustrates ranking of various block chain designs evaluated using the WPM method. The
WPM symmetric design takes first place, indicating the best overall performance. The low-power and
area-centric model is in third place, while the high-performance variant is in fifth place. The conventional
designs take second and fourth places.

CONCLUSION

Block chain technology stands as a revolutionary innovation with as a type of distributed ledger
technology, block chain has the potential to transform numerous industries beyond its initial use in the
financial sector facilitates decentralized transactions while maintaining transparency, data integrity, and
security without the need for centralized oversight. Its foundation lies in by using cryptographic hashing,
digital signatures, and consensus mechanisms, block chain is proving to be particularly valuable in
environments with low levels of trust among participants. In addition, the Weighted Product Model (WPM)
has been recognized as a versatile multi-criterion decision-making (MCDM) method suitable for a variety
of applications, including routing, access control, product design, and performance evaluation. Unlike
additive methods, WPM uses a multiplicative approach, which offers unique advantages when comparing
options across multiple criteria. The model has proven useful in fields ranging from home evaluation to
trust measurement in network environments. Both block chain and WPM emphasize decentralization and
optimization: block chain eliminates single points of failure while strengthening security, and WPM
ensures reliable, consistent decision outcomes across a variety of applications. The complementary
features of block chain and the Weighted Product Model (WPM) represent promising opportunities for
integration in future systems — particularly in supply chain management, where block chain will ensure
tamper-proof transaction records, while WPM will help in making optimal routing and operational
decisions. As these technologies become more widespread, they are expected to significantly improve
Improving performance, reducing power consumption, and increasing overall system performance.
However, a comprehensive-scale transformation of corporate and government infrastructures will take
time, as both technologies continue to evolve and implementation barriers need to be addressed. With
the continuous advancement of digital technologies, there is increasing emphasis on improving user
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experiences through more dynamic and interactive services. This transformation will accelerate the
adoption of block chain and WPM approaches, fostering innovation in diverse sectors such as finance,
healthcare, logistics, and manufacturing.
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Harnessing Algorithms to Quantify the Effect of Automation and Integration on
Supply Chains

Abstract: Digital transformation (DT) has become a critical driver of efficiency and
competitiveness in modern supply chains. This study investigates the impact of key digitalization factors—
including Automation Level, Digital Integration Score, and Investment in Digital Technologies—on Supply
Chain Efficiency. By analyzing these relationships through algorithm-based evaluation techniques, the
research provides insights into how organizations can strategically leverage technology investments to
optimize supply chain performance. The findings highlight the relative contributions of each input
parameter and offer a framework for guiding digital transformation initiatives in complex business
environments.

Research Significance: The significance of this study lies in its practical and theoretical
contributions. Practically, it provides managers with quantitative insights on how investments in
automation, digital integration, and technology adoption affect supply chain outcomes. Theoretically, it
advances the understanding of digital transformation by applying algorithmic analysis to evaluate
performance metrics, bridging the gap between digital adoption and measurable efficiency gains.
Methodology: Algorithm Analysis The research employs algorithmic analysis to explore the influence of
three input parameters—Automation Level (%), Digital Integration Score, and Investment in Digital
Technologies (Million $)—on the output parameter, Supply Chain Efficiency (%). Data is collected from
industry sources and structured into a dataset to enable computational modeling and performance
evaluation. Regression and predictive algorithms are applied to quantify the relationships, identify key
drivers, and assess the impact of digital initiatives on supply chain effectiveness.

Alternative Input-Output Structure: Input Parameters: Automation Level (%), Digital Integration
Score, Investment in Digital Tech (Million $). Evaluation / Output Parameter: Supply Chain Efficiency (%)
Results: The analysis reveals that Automation Level and Digital Integration Score have the most
significant impact on Supply Chain Efficiency, while Investment in Digital Technologies shows moderate
influence depending on deployment strategy. The results suggest that strategic allocation of resources
towards automation and integration initiatives can maximize efficiency gains. This study provides
actionable guidance for organizations aiming to optimize supply chain performance through targeted
digital transformation strategies.

Keywords: Digital Transformation, Supply Chain Efficiency, Automation Level, Digital Integration,
Technology Investment, Algorithm Analysis.
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INTRODUCTION

Studies highlight that since digital transformation involves more than just technological changes; it
must be integrated into existing business strategies. This literature can be broadly organized into three
primary groups, each focusing on a different aspect of digital transformation. Furthermore, this section
highlights the increasing attention that digital transformation has received in recent years, while also
clarifying the various definitions and interpretations associated with the concept. By examining these
groups and definitions, a clearer understanding of how digital transformation is perceived, studied, and
applied in different business contexts emerges. [1]

We conducted open coding by reviewing each source and marking content relevant to our
phenomenon of interest, while identifying and tracking relationships between variables in each study,
regardless of whether these relationships were hypothesized or not. The literature emphasizes that digital
transformation acts as a constant driver for a company's competitiveness. As a result, a key challenge for
companies is to develop mechanisms that allow for continuous, repeatable adaptation in response to
these rapid changes. [2]

Digital transformation (DX) involves implementing disruptive technologies to increase productivity,
create greater value, and improve social well-being. Technologies such as augmented reality, pattern
recognition, machine learning, and artificial intelligence, along with visualization and simulation, are
driving the integration of IT with embedded systems. Studies conducted by the Organization for Economic
Co-operation and Development (OECD) have acknowledged the role of robots. [3] Digital transformation
processes involve identifying and analyzing scientific and industry documents that provide clear and
actionable insights.

This includes determining the essential steps to digitally transform an organization and organizing
them into distinct phases for systematic implementation. In this context, the approach begins by outlining
and clearly defining the digital transformation process. This approach produced the results presented in
Section Three, covering all phase types associated with the digital transformation process. [4] A unique
aspect of digital transformation is that embracing risk is increasingly becoming part of the organizational
culture as digitally advanced organizations strive for greater levels of competitive advantage. Digital
transformation cannot be realized without a unified platform.

The aim should be to ensure consistent and consistent interactions with customers across all
business touchpoints. For successful digital transformation, equal attention to organizational
transformation, technology, and data integration is essential. [5] As a result, Kirk Girard and his team
extensively modified the recommended tools, processes, diagrams, and essential components of the core
software while reworking the workflow. This approach empowers employees to shape the course of digital
transformation, positioning new technologies as tools that help them improve and excel at the skills they
already possess.

Digital transformation is inherently uncertain, requiring ad hoc changes that are constantly
evolving and decisions that need to be made quickly. [6] Digital transformation is considered a strategic
imperative for modern businesses, as organizations operate in an environment profoundly reshaped by
digital technologies. The purpose of this study is to address the following question: What are the main
challenges and consequences of digital transformation in organizations. For this reason, digital
transformation usually begins with changes in the marketing process. [7]

The scope of digital transformation is broad and not yet clearly defined, although the term even
appears frequently in job postings. In the current research literature on digital transformation, models are
not emphasized. This may be because many researchers and practitioners’ study digital transformation.
[8] Digital transformation refers to the fundamental reimagining of business operations through the
strategic integration of digital technologies, data analytics, and automated systems to create competitive
advantage and operational excellence. In the manufacturing sector, this paradigm shift goes beyond
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simple technology adoption to encompass a comprehensive organizational transformation that touches
every aspect of production, supply chain management, and customer engagement.

Driven by increasing global competition, consumer demand for customization, and the need for
operational resilience in an uncertain economic landscape, the concept has evolved from a buzzword to a
critical business imperative. [9] At its core, digital transformation in manufacturing involves the integration
of operational technology (OT) and information technology (IT) to create intelligent, interconnected
systems that enable real-time decision-making and autonomous operations.

This integration is manifested through Industry 4.0 technologies, including Internet of Things
(loT) sensors, artificial intelligence (Al), machine learning algorithms, robotics, and cloud computing
platforms. These technologies work together to create smart factories, where equipment communicates
seamlessly, predictive maintenance prevents costly downtime, and manufacturing systems dynamically
adapt to changing market demands. The result is a fundamental shift from reactive, manual processes to
proactive, data-driven operations that simultaneously improve efficiency, quality, and flexibility.[10]

Strategic execution of digital transformation efforts requires a holistic approach that balances
technological capabilities with organizational readiness and cultural change management. Successful
transformations begin with comprehensive digital maturity assessments, followed by phased
implementation strategies that prioritize high-impact, low-risk initiatives to build momentum and
demonstrate value. Organizations must develop new capabilities in data analytics, cyber security, and
human-machine collaboration, while fostering a culture of continuous learning and adaptation.

Leadership commitment and cross-functional collaboration are essential because digital
transformation touches every department, from engineering and manufacturing to finance and human
resources.[11] The findings suggest that while digital transformation is a widely recognized concept, there
is still no established method for systematically transforming business models. The phenomenon of digital
transformation has been extensively studied in various academic disciplines, leading to a broad but
somewhat fragmented overview of the area. The concept of digital transformation, whose diversity goes
beyond previous IT-based changes, illustrates that it represents a new level of change. [12]

Digital transformation and the resulting innovation in business models have significantly changed
consumer expectations and behaviors, putting considerable pressure on traditional companies. First, to
determine the external factors that have intensified the need for digital transformation. Second, to
examine the strategic imperatives arising from digital transformation. We recognize three primary external
factors driving the need for digital transformation. We highlight three key external factors that encourage
the adoption of digital transformation. [13]

The benefits of digital transformation extend across the entire value chain, generating
measurable improvements in operational efficiency, customer satisfaction, and financial outcomes.
Manufacturing companies are reporting significant gains in productivity, reduced waste, improved product
quality, and improved supply chain visibility. Predictive analytics enable proactive maintenance strategies
that reduce unplanned downtime, while advanced planning systems optimize inventory levels and reduce
working capital requirements.[14]

Customer-facing benefits include enhanced product customization capabilities, faster time-to-
market for new products, and enhanced service delivery through digital channels. However, digital
transformation also presents significant challenges that organizations must navigate carefully.
Cybersecurity risks increase dramatically as manufacturing systems become more connected and data-
driven. Legacy system integration requires significant technical expertise and investment, while workforce
reskilling demands extensive training programs and change management efforts. The complexity of
digital ecosystems can create new points of failure and dependencies that require sophisticated risk
management strategies.[15]
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MATERIALS AND METHOD

Automation Level Percentage (Automation Level Pct): The automation level percentage
represents the degree to which processes within the supply chain are automated, replacing or reducing
manual intervention. A higher automation level indicates greater reliance on technologies such as
robotics, automated guided vehicles, Al-driven decision systems, and robotic process automation (RPA).
This metric is critical because automation not only improves efficiency but also ensures consistency in
operations. For example, automated warehouse management systems can optimize inventory tracking
and reduce human error, leading to faster order fulfilment. A higher automation percentage often
translates into cost savings, improved accuracy, and enhanced scalability. However, organizations must
balance automation with adaptability, as over-reliance on machines without human oversight may cause
vulnerabilities when unexpected disruptions occur.

Data Integration Score: The data integration score evaluates how effectively different digital
systems within the supply chain communicate and exchange information. In modern supply chains, data
is generated from multiple sources, such as suppliers, logistics providers, production units, and
customers. If this data remains siloed, decision-making becomes slow and fragmented. A higher
integration score reflects seamless data flow across departments and stakeholders, often achieved
through cloud-based platforms, loT-enabled devices, and enterprise resource planning (ERP) systems.
This level of integration allows organizations to track shipments in real time, forecast demand more
accurately, and optimize procurement strategies. Moreover, effective integration reduces redundancy,
eliminates data conflicts, and enhances collaboration. Ultimately, a strong data integration score lays the
foundation for agility, transparency, and resilience in supply chain operations.

Digital Skills Index: The digital skills index measures the readiness and capability of the
workforce to adopt, adapt, and leverage digital technologies. While automation and data integration are
technology-driven, their true impact depends on human expertise. Employees need to be proficient in
areas like data analytics, Al-based tools, cybersecurity, and digital collaboration platforms to ensure
smooth functioning of the supply chain. A higher digital skills index suggests that the workforce is well-
trained and confident in using digital systems, which directly influences efficiency and innovation.
Organizations that invest in upskilling programs, continuous learning platforms, and cross-functional
training often achieve better results in digital transformation initiatives. Conversely, a lower digital skills
index can act as a bottleneck, causing delays in technology adoption and reducing the potential benefits
of automation and data-driven decision-making.

Supply Chain Performance Score (SC Performance Score): The supply chain performance
score is a composite measure reflecting how well the overall supply chain delivers value in terms of
efficiency, reliability, flexibility, and cost-effectiveness. This score often incorporates metrics such as order
fulfillment rates, lead times, cost savings, and customer satisfaction. High-performing supply chains are
characterized by their ability to balance speed and cost, adapt to market fluctuations, and mitigate risks
effectively. Digital transformation plays a crucial role in boosting this performance, as automation reduces
errors, data integration enhances visibility, and digital skills enable faster problem-solving. A higher SC
performance score indicates that the organization is not only meeting customer expectations but also
building resilience against disruptions. In today’s competitive environment, achieving strong performance
in supply chain operations is a key differentiator that enhances profitability and long-term sustainability.

Machine Learning Algorithms

Linear Regression: Linear Regression is one of the most fundamental statistical and machine
learning techniques used for predictive modeling. It assumes a linear relationship between the input
variables (independent features) and the target variable (dependent feature). The model fits a straight line
(in higher dimensions, a hyperplane) that minimizes the error between predicted and actual values,
usually measured by the least square’s method. Linear Regression is simple, interpretable, and effective
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when the underlying data relationship is approximately linear. However, it may perform poorly if the data
contains complex, non-linear patterns or high levels of noise.

Random Forest Regression: Random Forest Regression is an ensemble learning method that
constructs multiple decision trees and averages their predictions to improve accuracy and reduce
overfitting. Each tree in the forest is trained on a random subset of the dataset and features, which
introduces diversity and robustness to the model. This approach is particularly powerful for capturing non-
linear relationships and interactions among features without requiring extensive feature engineering.
Random Forest Regression is widely used in real-world applications because of its high accuracy,
resistance to overfitting, and ability to handle large, complex datasets. However, it is less interpretable
compared to simpler models like linear regression.

Support Vector Regression (SVR): Support Vector Regression (SVR) is a regression technique
based on the principles of Support Vector Machines (SVM). Instead of trying to minimize the overall error
directly, SVR aims to fit the best line (or hyperplane) within a margin of tolerance (epsilon-insensitive
zone) where errors are ignored if they fall within this boundary. SVR is particularly effective in capturing
non-linear relationships using kernel functions, such as polynomial or radial basis function (RBF) kernels.
It is well-suited for high-dimensional spaces and situations where data is not linearly separable. Although
SVR can deliver strong performance, it can be computationally intensive and sensitive to parameter
tuning.

RESULT AND DISCUSSION

TABLE 1. Descriptive Statistics

Automation_Lev | Digital_Integration_ | Investment in_Digital_Tech( | Supply_Chain_Efficien
el(%) Score Million$) cy(%)

count 50.0000 50.0000 50.0000 50.0000

mea 60.4400 70.8800 22.9600 53.9490
n

std 24.6180 17.4714 14.5419 13.1197

min 21.0000 41.0000 1.0000 24.0200

0.25 40.0000 55.2500 9.0000 43.1825
00

0.50 69.0000 71.5000 24.0000 56.7050
00

0.75 79.7500 84.0000 35.0000 64.8725
00

max 99.0000 99.0000 48.0000 77.4200

The dataset of 50 records highlights how digital transformation influences supply chain
performance. On average, companies operate with about 60% automation, though the spread is wide,
ranging from just 21% to nearly full automation at 99%. This indicates that while some organizations have
advanced systems, many are still developing their automation capabilities. Digital Integration appears
stronger overall, with an average score of 71, showing that most firms are actively connecting their digital
systems, although differences remain between moderately integrated and highly connected supply
chains. Investment in digital technologies averages around 23 million dollars, but varies dramatically, from
minimal commitments of 1 million to significant investments of nearly 50 million, highlighting strategic
differences in resource allocation. Supply Chain Efficiency, averaging 54%, reflects these variations, with
efficiency levels strongly influenced by automation, integration, and investment.
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FIGURE 1: Correlation Matrix of Digital Transformation Metrics Across Manufacturing Industries

This scatter plot matrix illustrates the relationships between key digital transformation indicators in
modern manufacturing operations. The analysis reveals several notable patterns in how companies adopt
and integrate digital technologies. Automation levels show a strong positive correlation with digital
integration scores, suggesting that organizations pursuing automated processes tend to implement
comprehensive digital ecosystems simultaneously. Investment in digital technology demonstrates
moderate correlations with both automation and supply chain efficiency, indicating that financial
commitment to digitization yields measurable operational improvements. Interestingly, supply chain
efficiency exhibits the most diverse distribution patterns, with some companies achieving high efficiency
through targeted investments while others require substantial capital deployment. The digital integration
scores cluster around mid-to-high ranges, reflecting the widespread adoption of digital tools across the
manufacturing sector.

92



Sciforce Publications
www.sciforce.org

1.0
Automation_Level(%) - 1 0.045 0.054 0.81
0.8
Digital _Integration Score - 0.045 0.46
0.6
Investment_in_Digital_Tech(Million$) - 0.054 0.33 -0.4
-0.2
Supply_Chain_Efficiency(%) - 0.46 0.33
1 I I [
—_ o _ =
S 5 K 2
g n 2 &
a < = c
4 5 = R
! ) = o
§ i S £
E = & W,
@ _l c
£ = = <
2 i ‘é, =
3 o = @]
< 3 5 o
=3 =
a 5 &
S 0
E
t
]
>
£

FIGURE 2: Correlation Heatmap of Digital Transformation Variables in Manufacturing Operations

This correlation matrix reveals the strength and direction of relationships between four critical
digital transformation metrics across manufacturing enterprises. The analysis demonstrates a remarkably
strong positive correlation (r = 0.81) between automation levels and supply chain efficiency, indicating
that companies investing in automated processes experience proportional improvements in their supply
chain operations. This finding suggests that automation technologies, such as robotic process automation
and Al-driven logistics systems, directly enhance supply chain responsiveness and optimization.
Moderate correlations exist between digital integration scores and supply chain efficiency (r = 0.46), as
well as between digital integration and automation levels (r = 0.45), highlighting the interconnected nature
of digital transformation initiatives.
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FIGURE 4: Model Performance Assessment - Predicted vs Actual Flash Point Values on Training

Data

This validation plot demonstrates exceptional model accuracy for predicting flash point
temperatures in chemical compounds using the training dataset. The predicted values align perfectly with
the diagonal reference line, indicating near-perfect correlation between model predictions and actual
experimental flash point measurements. The tight linear relationship across the entire range (0.090-0.120
A°C) suggests the machine learning algorithm has successfully captured the underlying physicochemical
relationships governing flash point behavior. The absence of visible data points along the perfect diagonal
line indicates either extremely precise predictions with minimal residual error, or potentially suggests
model overfitting to the training data. The narrow temperature range reflects the specific chemical family
or compound class being studied, where flash point variations are constrained by molecular structure

similarities.
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FIGURE 4: Model Validation - Predicted vs Actual Supply Chain Efficiency Performance

This scatter plot demonstrates the predictive accuracy of the developed machine learning model
for forecasting supply chain efficiency based on digital transformation metrics. The data points closely
align with the diagonal reference line, indicating strong model performance with minimal prediction errors
across the efficiency spectrum. The model exhibits particularly robust accuracy for companies with
moderate to high supply chain efficiency levels (50-75%), where predictions align nearly perfectly with
actual observed values. The tight clustering of points around the ideal prediction line suggests that the
combination of automation levels, digital integration scores, and technology investments serves as
reliable predictors of supply chain performance. Minor deviations are observed primarily in the lower
efficiency range (35-45%), which may reflect unique operational challenges or external factors not
captured by the digital transformation variables.
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FIGURE 5: Training Data Performance - Predicted vs Actual Supply Chain Efficiency Model
Validation

This scatter plot illustrates the model's performance on the training dataset, demonstrating strong
predictive accuracy across the full range of supply chain efficiency values. The data points closely follow
the diagonal reference line, indicating excellent agreement between predicted and actual efficiency
measurements spanning from 25% to 75%. The model exhibits consistent performance across all
efficiency levels, with minimal systematic bias or heteroscedasticity in the residuals. Notable features
include tight clustering around the ideal prediction line for mid-range efficiency values (40-60%), while
maintaining good accuracy at the extremes. A few data points show slight deviations, particularly one
outlier in the lower efficiency range, which may represent unique operational circumstances or
measurement anomalies. The strong linear relationship suggests the model has effectively learned the
underlying patterns relating digital transformation metrics to supply chain performance.
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Predicted vs Actual Supply_Chain_Efficiency(%)(Testing data)
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FIGURE 6: Independent Test Set Validation - Model Generalization for Supply Chain Efficiency
Prediction

This scatter plot evaluates the model's generalization capability on unseen testing data, revealing
robust predictive performance across diverse supply chain efficiency scenarios. The data points
demonstrate good alignment with the diagonal reference line, particularly for lower to mid-range efficiency
values (40-55%), indicating reliable model performance on new, independent datasets. However, some
systematic deviations are observable in the higher efficiency ranges (60-70%), where the model shows
slight overprediction tendencies. The testing results exhibit increased scatter compared to training data,
which is expected and indicates healthy model behavior without severe overfitting. Several data points
cluster above the ideal line in the 60-65% actual efficiency range, suggesting the model may slightly
overestimate performance for highly efficient organizations. Despite these minor deviations, the overall
correlation remains strong, validating the model's practical utility for real-world applications.

Support Vector Regression
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FIGURE 7: Comprehensive Training Set Analysis - Supply Chain Efficiency Model Performance
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This expanded training data validation plot provides a comprehensive view of the model's
learning capabilities across a broader dataset spanning supply chain efficiency values from 25% to 70%.
The scatter plot demonstrates excellent predictive accuracy with data points closely following the diagonal
reference line, indicating strong correlation between predicted and actual efficiency measurements. The
model exhibits consistent performance across the entire efficiency spectrum, with particularly tight
clustering around the ideal prediction line for most observations. Notable patterns include exceptional
accuracy in the lower efficiency ranges (25-45%) and strong performance in mid-to-high efficiency
scenarios (50-65%). A few outliers are visible, particularly in the 50-60% actual efficiency range, where
some predictions show minor deviations from perfect alignment.
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FIGURE 8: Final Model Validation - Testing Data Performance for Supply Chain Efficiency
Prediction

This comprehensive testing data validation demonstrates the model's robust generalization
capability across an extensive range of supply chain efficiency scenarios (35-75%). The scatter plot
reveals strong predictive accuracy with most data points clustering near the diagonal reference line,
indicating reliable performance on unseen datasets. The model exhibits excellent accuracy in lower
efficiency ranges (35-50%) and maintains good predictive power for mid-to-high efficiency organizations
(55-70%). Some systematic patterns emerge in the testing results, with slight overprediction tendencies
visible in the 60-65% actual efficiency range, where several predicted values exceed the ideal line.
Conversely, a few data points in the higher efficiency ranges (65-75%) show minor underprediction.
Despite these deviations, the overall correlation remains strong, demonstrating the model's practical utility
for real-world applications.

Table 2: Model Performance Comparison on Training Dataset - Supply Chain Efficiency
Prediction

Data | Symbo R2 EVS MSE RMSE MAE MaxErro MSLE MedAE
| r

Trai LR 0.86620 | 0.86620 | 19.2146 | 4.38345 | 3.31259 | 11.1082 | 0.00693 | 2.3875
n 5 5 4 1 3 1

Trai RFR 0.95829 | 0.95866 | 5.98923 | 2.44729 | 1.82644 | 5.9148 | 0.00255 | 1.24817
n 6 6 6 2 8 1 5

Trai SVR 0.88096 | 0.88141 | 17.0946 | 4.13456 | 2.65585 | 10.5041 | 0.00612 | 0.98719
n 7 8 6 9 8 9 5 6
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This performance comparison evaluates three machine learning algorithms for predicting supply
chain efficiency using digital transformation metrics. Random Forest Regression (RFR) demonstrates
superior performance with an R? of 0.958, indicating that 95.8% of the variance in supply chain efficiency
is explained by the model. RFR also achieves the lowest error metrics across all measures: RMSE of
2.45, MAE of 1.83, and median absolute error of 1.25, suggesting excellent predictive accuracy and
minimal outlier sensitivity. Linear Regression (LR) shows moderate performance with R2 of 0.866, while
Support Vector Regression (SVR) achieves intermediate results (R2 = 0.881) but demonstrates the lowest
median absolute error at 0.99, indicating robust performance against outliers. The significantly lower
MSLE values for RFR (0.0026) compared to LR (0.0069) highlight RFR's superior handling of percentage-
based predictions.

Table 3: Model Performance Comparison on Testing Dataset - Generalization Assessment

Data | Symbo | R2 EVS MSE RMSE MAE MaxErro | MSLE MedAE
I r

Test | LR 0.89134 | 0.94134 | 18.5331 | 4.30500 | 3.46183 | 8.86174 | 0.00502 | 3.13270
5 7 1 9 8 9 1 9

Test | RFR 0.65227 | 0.76779 | 59.3110 | 7.70136 | 5.91392 | 16.6861 | 0.01585 | 4.37002
3 7 9 9 5 2 5

Test | SVR 0.82059 | 0.89780 | 30.6005 | 5.53177 | 4.50901 | 10.1156 | 0.00802 | 4.21729
6 1 7 8 9 3 4 1

The testing results reveal significant performance variations compared to training data,
highlighting important model generalization patterns. Linear Regression (LR) demonstrates the strongest
testing performance with R2 of 0.891 and EVS of 0.941, indicating robust generalization capability despite
its moderate training performance. LR achieves the lowest error metrics with RMSE of 4.31 and MAE of
3.46, suggesting reliable predictive accuracy on unseen data. Surprisingly, Random Forest Regression
(RFR) shows substantial performance degradation on testing data (R2 = 0.652), indicating potential
overfitting despite excellent training results. The dramatic increase in RFR's error metrics (RMSE: 7.70,
MAE: 5.91) suggests the model may have memorized training patterns rather than learning generalizable
relationships. Support Vector Regression (SVR) maintains moderate performance (R2 = 0.821) with
intermediate error levels.

CONCLUSION

This comprehensive analysis of digital transformation metrics and their impact on supply chain
efficiency in manufacturing organizations reveals several critical insights for Industry 4.0 implementation
strategies. The correlation analysis demonstrated a remarkably strong relationship (r = 0.81) between
automation levels and supply chain efficiency, establishing automation as the primary driver of
operational performance improvements. Digital integration scores showed moderate correlations with
other variables, while technology investment exhibited surprisingly weak predictive power, suggesting that
strategic implementation matters more than capital expenditure alone.

The machine learning model comparison yielded important lessons about model selection and
validation. While Random Forest Regression achieved exceptional training performance (R2 = 0.958), its
poor generalization on testing data (R? = 0.652) revealed significant overfitting issues. Conversely, Linear
Regression demonstrated superior generalization capability (testing R2 = 0.891) despite moderate training
performance, highlighting the importance of model simplicity and robust validation procedures. These
findings provide actionable guidance for manufacturing leaders: prioritize automation initiatives over pure
technology spending, focus on integrated digital ecosystems rather than isolated solutions, and employ
rigorous validation methodologies when developing predictive models for strategic decision-making in
digital transformation initiatives.
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Quantitative Assessment Framework for Cyber Learning Technology Performance
Using TOPSIS

Abstract: This research offers a thorough assessment of cyber learning and emerging
educational technologies using. The study addresses the need for structured evaluation methods to
compare and rank these technologies based on multiple performance indicators. Five distinct learning
models—Nota Bene (NB), Latent Dirichlet Allocation (LDA). Each criterion was given equal weight (0.45),
ensuring a fair and unbiased comparison among models. Using the TOPSIS framework, the study
generated normalized decision matrices and calculated closeness coefficients to rank model
performance. The results revealed notable differences: Delirium Tremens ranked highest (Ci = 0.6516),
demonstrating superior performance in both precision (86.34%) and F1-score (79.56%). XGBoost
followed closely (Ci = 0.6436) with strong precision (67.78%), while Nota Bene achieved the highest recall
(60.45%) but ranked lowest overall (Ci = 0.2828). These findings underscore the trade-offs between
different performance metrics and offer critical guidance for selecting and implementing educational
technologies. Although certain models perform better on specific metrics, the use of TOPSIS enables
comprehensive, evidence-based decision-making for optimal deployment of cyber learning tools. This
work contributes significantly to educational technology evaluation literature and offers a solid framework
for assessing future learning technologies across varied learning environments.

Keywords :Cyber learning, Future learning technologies, TOPSIS method, multi-criteria decision
making, educational technology evaluation,
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INTRODUCTION

Future technologies in cyber learning require managing high-bandwidth data, intricate visual
content, and extensive analytics, highlighting the need for a secure, low-latency, and dependable network
infrastructure. [1] Cyber learning—also referred to as e-learning or online learning—is revolutionizing
education by delivering accessible, interactive experiences through digital platforms. This shift has been
propelled by advancements in information technology, widespread internet availability, and the rising
need for adaptable and personalized education models (Bergman et al., 2008). According to Kumar et al.
(2023), the roots of cyber learning trace back to the early internet era when institutions first started
exploring online educational resources and courses. [2]

The current research adopts a descriptive-analytical method to explore significant developments
and emerging concepts within cyber learning environments across Africa. It also introduces a pedagogical
model designed to motivate students to create economically viable outcomes—exemplified by graduation
projects that produce tangible products—within a productive educational environment at the Faculty of
Education, Suez Canal University, Egypt. [3] Global challenges such as climate change, nuclear threats,
nanotechnology, synthetic biology, pandemics, and the ethical use of artificial intelligence require
innovative educational approaches (Levin et al., 2012).

Modern cyber learning, which fuses cyber-technologies with personalized, Al-driven learning
experiences, is increasingly seen as essential in preparing learners to engage with these complex issues.
[4] This study also investigates how students perceived their online learning experiences during the
abrupt transition to virtual education in 2020 triggered by the COVID-19 pandemic. Focusing on a
university in Saudi Arabia, it explores student feedback on cyber learning, shedding light on the often-
overlooked implementation challenges of online education. [5] Cyber learning is broadly described as
learning facilitated through interconnected computer and communication technologies, emphasizing its
role in enriching conventional classroom experiences and providing remote access to educational
resources. [6]

When designers recognize that users have diverse abilities, consider the challenges faced by
individuals with disabilities, and implement design strategies that prioritize accessibility, usability, and
inclusivity, cyber learning tools and instructional methods become more engaging and effective for all
learners. Specifically, the application of Universal Design (UD), Universal Design for Knowledge (UDK)
and Web Content Accessibility Guidelines (WCAG) principles to evidence-based teaching practices can
enhance the inclusivity of learning technologies. [7] Cyber learning researchers continue to envision the
future of education through the integration of advanced technologies. Earlier research phases typically
emphasized students' cognitive processes, relied on desktop or laptop computers, and took place in
traditional classroom settings. Such foundational studies remain highly relevant today. [8]

The overarching goal of cyber learning research is to make a significant and widespread impact
on both educational tools and the instructional strategies employed by educators, coaches, and mentors.
For this to be achieved, innovators must grasp the evolving nature of learning, identify the changes that
will have long-term effects, and understand the expected timelines for adoption of new approaches. [9] To
assess how the engineering education field aligns with the National Science Foundation’s (NSF) vision for
cyber learning, an analysis was conducted on publications from the on developing, implementing, or
evaluating cyber learning technologies and environments, identified through examination of titles,
keywords, abstracts, and thematic content. [10]

Cyber learning initiatives target both instructors and learners. Teacher education programs are
designed for various levels—preschool, primary, secondary, adult education, open learning, and in-
service training—providing broad exposure to diverse cyber learning scenarios. This flexible system
supports both instructional delivery and theoretical exploration. [11] It is a research-driven framework that
supports inquiry-based cyber learning in secondary science education, offering detailed strategies and
tools to foster critical thinking, problem-solving abilities, and content knowledge through structured inquiry
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activities. [12]A key objective of cyber learning research is to uncover how specific design classes can
inform future product development. To emphasize this goal of broad applicability and scalability,
researchers have introduced the concept of “design categories.” Six primary types of cyber learning
designs, developed through collaboration between learning sciences and computer science, exemplify
this categorization. [13] Cyber learning has evolved from isolated, individual learning tasks into complex,
collaborative, and immersive environments. These are powered by advanced artificial intelligence
systems that facilitate dynamic and interactive educational experiences. [14] Sakkara et al. explored
various machine learning techniques in the context of cyber security, emphasizing the need for deeper
empirical analysis to guide effective decision-making. In contrast to prior studies, the current work
introduces a machine learning-based approach to cyber security within the cyber learning framework,
integrating relevant feature selection and offering preliminary performance analysis across multiple ML-
driven security models. [15]

MATERIALS AND METHOD

Nota Bene (NB): Derived from the Latin phrase nota bene, meaning “note well,” this term is used
to draw attention to particularly important information.

Latent Dirichlet Allocation (LDA): While the acronym "LDA" may refer to several concepts, it
most commonly denotes Latent Dirichlet Allocation in natural language processing, linear discriminate
analysis in machine learning, or the Luck now Development Authority in the context of urban planning in
India. Other less common interpretations also exist.

K-Nearest Neighbours (KNN): KNN is a simple but powerful supervised learning algorithm used
for classification and regression tasks. It works by assigning a data point’s label based on the most
common class among it's *k* closest neighbours (for classification) or by averaging their values (for
regression). Unlike other algorithms, KNN is "lazy," meaning it doesn’'t undergo a separate training
phase—instead, it uses the entire dataset during prediction.

Extreme Gradient Boosting (XGBoost): XGBoost is a highly efficient, open-source machine
learning library built on gradient boosting. Known for its speed, scalability, and precision, it improves upon
traditional gradient boosting by adding regularization, parallel processing, and advanced techniques for
handling missing data.

Decision Tree (DT): While "DT" can stand for different terms in other fields (e.g., "delirium
tremens” in medicine or "double tap” in social media), in machine learning, it usually refers to Decision
Trees. This algorithm uses a tree-like model of decisions and their outcomes to perform classification or
regression tasks.

Accuracy: The ratio of correct predictions to total predictions, indicating overall model correctness.

Precision (%): The percentage of true positives among all predicted positives, measuring how well the
model avoids false positives.

Recall (%): The percentage of actual positives correctly identified by the model, assessing its ability to
capture relevant cases.

F1-Score (%): A balanced metric combining precision and recall (harmonic mean), particularly useful for
imbalanced datasets.

TOPSIS method:

TOPSIS method has been widely studied and adapted since its introduction. Researchers have
continually sought to refine and expand the method, especially within fuzzy and intuitionist fuzzy set (IFS)
frameworks. For instance, Smith and Cockbum developed a technique to quantify the distance between
IFSs. [16] Among the prominent techniques, TOPSIS—{first introduced by Hwang and Yoon—has
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consistently demonstrated its robustness and effectiveness in tackling MADM problems. The strength of
TOPSIS lies in its dual consideration of both the ideal and anti-ideal solutions, offering a holistic approach
to decision making.[17]One practical application of TOPSIS is in selecting kindergartens based on
multiple evaluation criteria such as accreditation status, institutional type, year established, class size,
teacher-to-class ratio, academic performance, tuition, and enrolment fees. By integrating such data into
online platforms, the method empowers parents to make more informed decisions regarding their
children's early education. [18]In another domain, this paper applies TOPSIS with optimal priority ranking
to resolve multi-criteria optimization challenges in wire electric discharge machining (WEDM). Through
three case studies, the outcomes derived from TOPSIS align closely with those from prior research,
validating its reliability and practical utility.[19]

Additionally, while researchers have employed methods like the bfor website evaluation, they
found that such approaches can be cumbersome for respondents, often resulting in inconsistent or poorly
considered answers. In contrast, TOPSIS simplifies the evaluation process by ranking options. [20] The
Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) is applied to evaluate both
overall integration levels and those of individual subsystems. The enhanced version of this model
integrates comparative entropy and gray relational analysis, allowing proximity to be assessed not just by
distance but also by the similarity of trends or shapes.

This advancement helps overcome the limitations of the original TOPSIS method, particularly in
situations where direct comparisons were previously infeasible. [21] One study utilizes a multi-criteria
decision-making approach to assess mutual funds, employing both the standard TOPSIS method and an
extended version that incorporates two distinct distance metrics: the generalized Murkowski distance
and the Mahalanobis distance, to determine fund rankings more accurately. [22] Originally developed
TOPSIS method is grounded in trade-off analysis. It identifies the most desirable option by measuring
closeness to the positive ideal solution (representing the best possible scenario) while maximizing
distance from the negative ideal solution (representing the worst case).

The underlying concept is to select an alternative that is both as close as possible to the optimum
and as far as possible from the least favourable outcome.[23] This paper explores the TOPSIS
approach—selected from various MCDM (multi-criteria and multi-attribute decision-making) techniques—
as a suitable method for identifying optimal alternatives in complex decision-making environments. In
cases where exact attribute values are difficult to determine, interval representations are used to
accommodate uncertainty. [24]Another study presents an entropy-TOPSIS-based evaluation model
those factors in variables such as port infrastructure, operational performance, domestic economic
growth, and development potential.

The model generates a comprehensive ranking of ports, supporting strategic decisions in
evaluating road and port initiatives. [25]Since the early 1990s; researchers have explored the formwork
selection problem using multi-criteria analysis. This paper outlines the benefits of the TOPSIS algorithm
over alternative MCDA methods and includes an example to demonstrate how TOPSIS can support
effective formwork selection.[26]The strength of the TOPSIS method lies in its foundational principle: the
ideal choice is one that is nearest A key advantage of this method is its objectivity, as the influence of
decision-makers is largely limited to assigning weights to the criteria. [27]

As international economic activities expand, particularly capital flows from developed to
developing countries, methods such as TOPSIS have been employed to evaluate financial sectors. In
Turkey, for example, the banking sector has been the focus of evaluations using the TOPSIS approach
.[28]In the field of computer science, TOPSIS is commonly integrated into decision support systems,
alongside tools like data mining and artificial neural networks, to solve complex problems by ranking
alternatives based on a set of predefined variables and criteria .[29]Finally, a study on smart city
development applies the TOPSIS method to identify the most suitable city on Sumatra Island for
implementation. Data from several major cities are analysed using this method, which has proven
effective for solving ranking-based decision problems. [30]
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RESULT AND DISCUSSION

TABLEL. Cyber learning and future learning technologies

Accuracy Fl-score
Precision (%) | Recall (%) (%)
Nota bene 45.94 26.34 60.45 46.9
Latent Dirichlet Allocation 56.67 46.34 34.22 56.78
k-Nearest Neighbors 67.56 45.13 40.34 68.78
extreme Gradient Boosting 76.12 67.78 50.45 35.67
delirium tremens 86.34 78.45 24.45 79.56

TABLE 1 compares five models in cyber learning using accuracy, Delirium tremens leads in
accuracy (86.34%) and Fl-score (79.56%), while extreme Gradient Boosting excels in precision
(67.78%). Nota bene has the highest recall (60.45%), indicating better detection of true positives. The
results highlight trade-offs between metrics across models.

Cyber learning and future learning technologies

I Accuracy
H Precision (%)
m Recall (%)
m F1-score (%)

Nota bene Latent k-Nearest ~ Extreme Delirium
Dirichlet  Neighbours  Gradient tremens
Allocation Boosting

FIGUREL. Cyber learning and future learning technologies

FIGURE 1 presents a comparative evaluation of The Delirium Tremens model demonstrates
the highest precision (86.34%) and Fl-score (79.56%), while Extreme Gradient Boosting excels in
accuracy (67.78%). Nota Bene achieves the top recall score (60.45%) and exhibits balanced detection
capabilities. Overall, the analysis highlights important trade-offs in model performance, offering insights
for optimizing future learning technologies.

TABLEZ2. Normalized Data

Normalized Data

Accuracy (%) | Precision (%) | Recall (%) | F1-score (%)
Nota bene 0.3020 0.2107 0.6171 0.3520
Latent Dirichlet Allocation 0.3726 0.3707 0.3493 0.4261
k-Nearest Neighbours 0.4442 0.3610 0.4118 0.5162
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Extreme Gradient Boosting

0.5005

0.5422

0.5150

0.2677

Delirium tremens

0.5676

0.6276

0.2496

0.5971

TABLE 2 presents normalized performance metrics for cyber learning models. Delirium
tremens leads in normalized accuracy (0.5676) and precision (0.6276), while Extreme Gradient
Boosting excels in recall (0.5150). k-Nearest Neighbours balances metrics well, particularly in F1-score
(0.5162). Normalization highlights relative strengths and trade-offs across models for optimized learning

technology selection. (50 words)
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FIGURE 2 displays normalized metrics for learning models, revealing distinct performance
patterns. Delirium tremens dominates in accuracy (0.5676) and precision (0.6276), while Extreme

Gradient Boosting achieves superior recall

(0.5150). k-Nearest Neighbors demonstrates balanced

performance, particularly in Fl-score (0.5162), suggesting its robustness for future learning technology
applications. The normalized comparison facilitates objective model evaluation.

TABLE3. Weight

Weight
0.45 0.45 0.45 0.45
0.45 0.45 0.45 0.45
0.45 0.45 0.45 0.45
0.45 0.45 0.45 0.45
0.45 0.45 0.45 0.45

TABLE 3 presents equal weights (0.45) assigned to all five models were assessed using the
TOPSIS method.This balanced weighting approach ensures unbiased comparison, giving equal
importance to each performance dimension when assessing cyber learning technologies for optimal

decision-making.

TABLE4. Weighted Normalized decision matrix

Weighted normalized decision matrix

Nota bene

0.1359 | 0.0948

0.2777

0.1584
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Latent Dirichlet Allocation 0.1677 0.1668 0.1572 0.1917
k-Nearest Neighbours 0.1999 0.1625 0.1853 0.2323
Extreme Gradient Boosting 0.2252 0.2440 0.2318 0.1205
Delirium tremens 0.2554 0.2824 0.1123 0.2687

TABLE 4 displays the results of the weighted normalized matrix. Highlighting each model's
strengths: Delirium Tremens ranks highest in precision (0.2554) and accuracy (0.2824), while Extreme
Gradient Boosting demonstrates strong recall performance (0.2318). k-Nearest Neighbours shows a well-
balanced performance across all metrics, with a notable F1-score (0.2323), underscoring its potential
suitability for machine learning tasks.

Weighted normalized decision matrix

Weighted normalized decision matrix

Weighted normalized decision matrix

Weighted normalized decision matrix = 0.2000-0.3000

= 0.1000-0.2000
0.0000-0.1000

Weighted normalized decision matrix

FIGURE3.weighted normalized decision matrix

FIGURE 3 displays the weighted normalized decision matrix corresponding to the cyber learning
models. Delirium tremens dominates in accuracy (0.2554) and precision (0.2824), while Extreme Gradient
Boosting leads in recall (0.2318). K-Nearest Neighbours shows balanced performance with strong F1-
score (0.2323), is making it a robust choice for future learning technologies.

TABLES5.Positive Matrix and Negative Matrix

Positive Matrix Negative matrix
Nota bene 0.2554 | 0.2824 | 0.1123 | 0.1205 | 0.1359 | 0.0948 | 0.2777 | 0.2687
Latent Dirichlet
Allocation 0.2554 | 0.2824 | 0.1123 | 0.1205 | 0.1359 | 0.0948 | 0.2777 | 0.2687

k-Nearest Neighbours | 0.2554 | 0.2824 | 0.1123 | 0.1205 | 0.1359 | 0.0948 | 0.2777 | 0.2687
Extreme Gradient
Boosting 0.2554 | 0.2824 | 0.1123 | 0.1205 | 0.1359 | 0.0948 | 0.2777 | 0.2687
Delirium tremens 0.2554 | 0.2824 | 0.1123 | 0.1205 | 0.1359 | 0.0948 | 0.2777 | 0.2687

TABLE 5 presents identical positive (0.2554, 0.2824, 0.1123, 0.1205) and negative (0.1359,
0.0948, 0.2777, 0.2687) ideal matrices across all models, suggesting these represent benchmark values
for comparison. This standardization enables consistent evaluation of each model's relative performance
in cyber learning technology assessment.

TABLE®G.Si plus Si negative ci and Rank

Sl Plus Si Negative Ci ‘ Rank ‘
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Nota bene 0.2798 0.1103 0.2828 5

Latent Dirichlet Allocation 0.1678 0.1632 0.4930 3
k-Nearest Neighbours 0.1879 0.1361 0.4201 4
Extreme Gradient Boosting 0.1291 0.2330 0.6436 2
Delirium tremens 0.1482 0.2772 0.6516 1

TABLE 6 reveals Delirium tremens as the top-ranked model (Ci=0.6516), Dirichletfollowed
by Extreme Gradient Boosting (0.6436). Nota bene ranks lowest (0.2828), with LatentAllocation (0.4930)
and k-Nearest Neighbours (0.4201) in between. The closeness coefficients (Ci) demonstrate each
model's relative effectiveness in cyber learning applications.

si plus negative ci rank

Sl Plus
M Si Negative
ACi
X Rank

FIGUREA4. Plus, Si negative ci and Rank

FIGURE 4 presents the final ranking of cyber learning models using TOPSIS. Delirium
tremens emerges as the best performer (Rank 1, Ci=0.6516), closely followed by Extreme Gradient
Boosting (Rank 2). The results demonstrate clear performance differences, with Nota bene ranking lowest
(Rank 5), providing valuable insights for learning technology selection.

Nota bene Latent k-Nearest Extreme Delirium
Dirichlet Neighbours Gradient tremens
Allocation Boosting
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FIGURES.Rank

FIGURE 5 displays the conclusive ranking of learning models, with Delirium tremens (Ci=0.6516)
securing first place. Extreme Gradient Boosting (0.6436) follows closely in second, while Nota
bene (0.2828) ranks last. The clear hierarchy in Ci values provides decisive metrics for optimal model
selection in cyber learning applications.

CONCLUSION

This study effectively illustrates the utility of the TOPSIS multi-criteria decision-making approach
in assessing and ranking cyber learning technologies. Through a systematic evaluation of five learning
models—Nota Bene, Latent Dirichlet Allocation, K-Nearest Neighbours, Extreme Gradient Boosting, and
Delirium Tremens—across four critical performance indicators (accuracy, precision, recall, and F1-score),
the research offers meaningful insights into the selection and application of educational technologies.
Among the models assessed, Delirium Tremens proved to be the most effective (Ci = 0.6516), delivering
top performance in both accuracy (86.34%) and F1-score (79.56%). Extreme Gradient Boosting followed
closely (Ci = 0.6436), showing strong accuracy (67.78%). The analysis also revealed key trade-offs
between performance metrics across all models.

The application of the TOPSIS method demonstrated its strength in managing the complexities of
multi-criteria evaluations, enabling objective and consistent rankings through the use of normalized
decision matrices and closeness coefficients. By assigning equal weight (0.45) to each criterion, the study
ensured a fair and impartial evaluation process, free from subjective bias. These findings make a valuable
contribution to the field of educational technology evaluation, offering a reliable framework for researchers
and practitioners to assess new learning technologies. Beyond academic value, the results provide
actionable guidance for educational institutions, technology designers, and policymakers seeking
informed strategies for cyber learning system adoption. As digital innovation continues to redefine
education, this research establishes a strong basis for the structured assessment of emerging learning
tools, helping to ensure that chosen solutions align with varied educational goals and enhance learning
effectiveness across diverse settings.
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Optimizing Inventory Management in Supply Chains Using Linear
Programming Algorithms

Supply chain management (SCM) involves the coordination and integration of all activities related
to the sourcing, production, and distribution of goods and services. It aims to improve efficiency, reduce
costs, and ensure just-in-time delivery to meet customer needs. Modern SCM uses technology, data
analytics, and standard practices to help optimize operations and improve decision-making. By fostering
collaboration among suppliers, manufacturers, and distributors, effective SCM creates value, strengthens
competitiveness, and supports organizational growth in a dynamic global marketplace. Research
Significance: Research in supply chain management is important in improving efficiency, resilience, and
sustainability in global operations. It helps organizations identify challenges, improve processes, and
improve coordination between suppliers, manufacturers, and distributors. Research drives innovation
through the adoption of technologies such as automation and data analytics, which enable better
decision-making. By addressing issues such as cost reduction, risk management, and environmental
impact, SCM research contributes to strong business performance, customer satisfaction, and long-term
competitive advantage in an emerging market. Methodology: The methodology for studying involves
combination approaches. Data is collected through surveys, interviews, and case studies from
manufacturers, suppliers, and logistics providers. Statistical tools and analytical models are used to
assess performance, identify inefficiencies, and measure supply chain performance. Secondary data from
journals, reports, and industry databases supports the analysis. This mixed-method approach ensures a
comprehensive understanding of supply chain dynamics, which enables accurate conclusions and
practical recommendations for improvement. Alternative: Input Parameters: Supplier Reliability (%),
Inventory Turnover, Transportation Efficiency (%), Order Processing Time (hrs) Evaluation Parameter:
Output Parameter: Supply Chain Performance Index Result: Hash Table is getting first place of the table
and Graph is getting last place of the table

Keywords: Supplier Reliability (%), Inventory Turnover, Transportation Efficiency (%),Supply
Chain Performance Index

INTRODUCTION

There has been much discussion and debate about supply chain management system
integration. As companies seek to establish closer relationships with their trading partners and create
effective ways to exchange information, their internal operations are expanding beyond traditional
organizational boundaries. Information technology is increasingly being used in physical logistics, not only
improving integration, but also acting as a key enabler for stronger collaboration and strategic
partnerships across the supply chain. [1] Forrester proposed a theory of supply chain management that
explains how organizational linkages are interconnected. He proposed that many functions, including
engineering, marketing, sales, and research, can be greatly influenced by the dynamic interactions that
occur within these systems. The flow of order information and its effects on production and distribution
performance - both at the level across entire supply chain network - were modeled by Forrester using
computer simulation to illustrate this idea. [2] Astute readers of the first edition may have noticed a distinct
distinction between Advanced Planning Systems (APS), which primarily aims to integrate internal
organizational processes while adhering to hierarchical planning principles, and the broader scope of
Supply Chain Management (SCM), which focuses on integrating legally independent organizations across
the supply chain.

In addition, the information provided will be very helpful in improving the understanding of the
topic for postgraduate students studying Supply Chain Management and similar fields. [3] One could
argue that a significant portion of current supply chain management practices are attempts to replicate
the external resource management techniques initially developed by Toyota in other. This approach,
sometimes referred to "lean thinking," implementing strategies. The key ideas and concepts that currently
influence supply chain management techniques and thought processes are reviewed in the following
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discussion. [4] Fundamental concepts that have remained largely unchanged over time form the basis of
supply chain management practice. Napoleon famously said centuries ago, “An army marches on its
stomach.” This observation demonstrates his keen awareness of the vital function that what we now call
an effective supply chain plays in the execution of any major operation. He was a great strategist and a
skilled general. [5] Cross-functional coordination is essential for effective supply chain management, and
marketing is a key component.

Finding a successful way to accomplish this coordination is a major obstacle. In this context, we
present a supply chain management framework, along with implementation-related queries and research
methodologies. Case studies involving multiple supply chain participants in different organizations provide
further illustrations of the concepts and show how the principles outlined are applied in real-world
situations. [6] Over the past decade, traditional procurement and logistics functions have evolved into
supply chain management, an all-encompassing strategic approach to materials and supply
management. This study examines the literature and maps the evolution of supply chain management
along two distinct paths that eventually converged to create a contemporary, comprehensive, and
strategic approach to logistics, operations, and materials management. In addition, the article seeks to
clarify supply chain management by removing the ambiguity caused by the many catchy phrases used to
characterize different aspects or phases of this new management concept. [7] While the specific duties of
supply chain professionals may vary from company to company, their common goal is the same: to plan
and position their companies’ supply networks to succeed in today's competitive global marketplace.
Many of these professionals work for organizations that view supply chain management and its many
components as cost centers or necessary evils.

Nevertheless, it is undeniable that many prominent and prosperous businesses have achieved
their status by implementing best practices for managing top-notch supply chains. [8] Managers are
increasingly faced with the difficult task of balancing the company’s goals for growth and profitability with
the evolving needs of its customers. Many have come to understand that this tension can be avoided and
profitable expansion can be promoted by approaching example, all segments place a high value on
consistent and reliable supply, as shown in Exhibit 1, underscoring the critical role that strategic supply
chain management plays in achieving organizational and customer goals. [9] The benefits of effective
supply chain management are widely acknowledged by businesses of all sizes. Taking a fresh and
insightful approach, this text differentiates between four fundamental perspectives — procurement,
operations, logistics and process integration. This book presents a very comprehensive and balanced
perspective that helps readers better understand the entire supply chain structure, in contrast to many
supply chain management publications that often focus on just one area, such as procurement,
operations or logistics. [10] Various definitions have been put forward for the term "supply chain" and its
management. The purpose of this article is examined how has changed over time. The phrase is not
interchangeable with logistics operations and does not acknowledge the role of supplier partnerships.
Industry organizations are currently integrated practices that can be obtained from its successful
implementation. [11] Responsibility movement information within organizations, suppliers, (DCs).

SCM has recently attracted increasing interest from the corporate community due to its effects on
competitiveness and efficiency. This study emphasizes how important cost structures and accounting
systems are for effective supply chain management, showing that financial insights can improve decision-
making and increase overall supply chain performance. [12] Due to advances in computing power,
complex, real-world supply chain problems can now be solved using advanced optimization algorithms. A
guantitative, model-based approach to using information and communication technology for efficient
supply chain management is provided by Advanced Planning Systems (APS). At the beginning of the
previous decade, standard software solutions based on these model-based algorithms began to appear
on the market, providing businesses with robust tools to improve supply chain performance in terms of
planning, coordination, and overall efficiency. [13] Supply chain management (SCM) strategies, such as
exchanging demand data across the supply chain to reduce inventory in many Fortune 500 businesses,
became more widely used in the late 1990s as a result of advances in information technology. As SCM
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gained traction, both the academic and professional press emphasized its benefits, and some attempted
to define the term. But due to the changing knowledge of SCM at the time, these definitions were often
contradictory. [14] Due specificities construction industry, in construction projects proposed to fulfill four
distinct functions. The efficiency of the construction supply chain is improved by analyzing the practical
efforts each position. Through case studies, construction is examined compared with results of previous
studies. Regarding their current state, three important conclusions are drawn. Notably, construction
supply chains face various operational problems and considerable waste even in normal conditions. [15]

MATERIALS AND METHOD

Input Parameters: Supplier Reliability (%): Supplier reliability refers to the consistency and reliability of
suppliers in delivering quality products on time. A higher reliability percentage indicates fewer delays,
better quality control, and stronger relationships between suppliers and manufacturers. Reliable suppliers
help reduce uncertainty and maintain consistent production schedules. Assessing supplier reliability
ensures that disruptions are minimized and the overall supply chain is stable and efficient.

Inventory Turnover: Inventory turnover measures how often inventory is sold and replaced during a
given period. It reflects the effectiveness of inventory management and demand forecasting. A high
turnover rate indicates effective control, reduced minimal product. Conversely, indicate excess inventory.
Monitoring inventory turnover helps companies balance inventory levels, optimize working capital, and
maintain continuous supply to meet customer demands.

Transportation Efficiency (%): Transport efficiency indicates how efficiently goods are moved through
speed, reliability. A high efficiency percentage indicates optimal route planning, fuel usage, and on-time
delivery performance. Improving transportation efficiency not only reduces operational costs, but also
increases customer satisfaction by ensuring prompt deliveries. Effective logistics management and the
use of modern tracking technologies contribute significantly to achieving high transportation efficiency.

Order Processing Time (hours): Order processing time measures receive, process, and a customer.
Shorter processing times indicate a more responsive and agile supply chain. Reducing this time improves
customer satisfaction, improves service quality, and provides a competitive advantage in fast-moving
markets. Streamlining workflows, automating systems, and integrating digital solutions can significantly
reduce order processing time while maintaining accuracy and reliability in fulfilment operations.

Output parameter: Supply Chain Performance Index: The (SCPI) is a comprehensive measure used
to assess the overall efficiency, responsiveness, a system. It combines multiple performance dimensions,
such as supplier reliability, inventory management, transportation capacity, and order processing time, to
provide an integrated assessment of supply chain performance. A high SCPI value indicates a well-
optimized and agile supply chain that is capable of fulfilling customer demands with minimal cost and
delay. The index supply chain activities. By continuously monitoring and analyzing SCPI, businesses can
improve decision-making, optimize operational strategies, and maintain competitiveness in changing
market conditions.

MACHINE LEARNING ALGORITHMS

Linear Regression: Linear regression is a basic statistical technique used to model In supply chain
management, it helps predict performance indicators such as delivery time, inventory costs, or demand
based on various input factors, such as supplier reliability and transportation efficiency. The model
assumes a linear relationship between inputs and outputs, which provides an easy-to-understand
equation. Although simple, linear regression is very useful for identifying trends and understanding how
individual parameters affect overall supply chain performance.

Random Forest Regression: Random Forest Regression is an advanced machine learning algorithm
that combines multiple decision trees to improve prediction accuracy and reduce overfitting. In the context
of supply chain management, it can handle complex, nonlinear relationships between variables such as
inventory turnover, order processing time, and transportation capacity. By averaging the results from
multiple trees, Random Forest produces robust and reliable predictions even when the data is noisy or
incomplete. This method is very valuable for analyzing diverse supply chain data and improving decision-
making processes.
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Support Vector Regression (SVR): Support Vector Regression is a powerful technique derived from
Support Vector Machines (SVM) and is used to predict continuous outcomes. It works by finding the
optimal boundary that minimizes prediction errors within a specified range. In supply chain analysis, SVR
is useful for predicting performance metrics under varying conditions, such as fluctuating demand or
supplier delays. It handles linear and nonlinear relationships using kernel functions, making it ideal for
complex supply chain systems. SVR provides high accuracy and consistency, especially when dealing

with small or high-dimensional datasets.

3. ANALYSIS AND DISCUSSION
TABLE 1. Descriptive Statistics

Supply
Supplier Order Chain
Reliability | Inventory | Transportation | Processing | Performance
(%) Turnover | Efficiency (%) | Time (hrs) Index
count 35 35 35 35 35
mean | 87.34286 | 6.214286 84 13.34286 81
std | 5.373918 | 1.077891 6.773651 3.412286 7.802714
min 77 4.3 70 8 66
25% 83.5 5.35 78.5 105 75
50% 88 6.1 85 13 82
75% 91.5 7.15 89.5 16 87.5
max 96 8 94 20 93

The supply chain performance analysis reveals key operational metrics across 35 observations.
Supplier reliability averages 87.34%, reflecting strong vendor consistency, while inventory turnover is
6.21, indicating moderate inventory movement. Transportation efficiency is 84%, indicating effective
logistics management. The average order processing time is 13.34 hours, highlighting areas for speed
improvement. The overall supply chain performance index averages 81, indicating room for variation
optimization. The minimum and maximum values represent potential peaks in supplier, inventory, and
transportation performance, which guide strategic decisions.
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Figure 1: Understanding Variable Relationships Through Visual Analysis

This scatter plot matrix reveals complex patterns between multiple variables over different time
scales. The diagonal histograms show the distribution of each variable, while the off-diagonal graphs
show pairwise relationships. Strong positive correlations appear as upward-sloping scatter plots,
indicating synchronized behavior between the variables. Negative correlations appear as downward-
sloping slopes, indicating inverse relationships. The symmetry along the diagonal confirms these
bidirectional relationships. Such visualizations are invaluable for identifying biases, outliers, and potential
causal mechanisms in complex datasets, making them essential tools for exploratory data analysis and
hypothesis generation in research.
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Figure 2: Supply Chain Performance Correlation Matrix Analysis

This heat map reveals important interdependencies between key supply chain metrics. Dark blue
cells indicate strong positive correlations (close to 1.0), showing that supplier reliability, inventory
turnover, and transportation efficiency move in harmony. Significant yellow cells highlight strong negative
correlations (-0.99 to -1.0) between order processing time and other metrics, demonstrating that reducing
processing delays significantly improves overall performance. These insights help managers identify
leverage points for optimization, prioritize interventions, and understand how improvements in one area
can be replicated across the entire supply chain ecosystem.
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Figure 3: Model Accuracy Assessment: Training Data Performance
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This scatterplot demonstrates the exceptional predictive accuracy of the supply chain
performance model on the training data. The points cluster tightly on the diagonal reference line,
indicating a nearly perfect alignment between the predicted and actual values. The model successfully
captures performance variations in the index range of 65-92 with minimal deviation. This strong linear
relationship (correlation close to 1.0) confirms that the model has effectively learned the underlying
patterns. However, validation on independent test data is critical to verify generalization ability and guard
against overfitting before being applied to real-world forecasting situations.
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Figure 4. Model Validation: Test Data Generalization Performance

This scatterplot confirms the predictive power of the model on unobserved test data. The points
are closely aligned along the diagonal, demonstrating strong generalization beyond the training
examples. The consistent accuracy in the performance index range of 70-93 confirms that the model
avoids overfitting and reliably predicts real-world situations. Small deviations in extreme values are
expected and acceptable. This strong correlation between predictions and actual outcomes establishes
confidence in operational deployment, enabling proactive supply chain management, early warning
systems, and data-driven decision making to improve logistics efficiency and operational effectiveness.

Random Forest Regression
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Figure 5: Predictive Model Training: Calibration and Fit Evaluation
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This visualization confirms the excellent model calibration during the training phase, with
predictions tracking significantly better than actual performance indices across the entire 65-92 range.
Tight clustering around the best diagonal line indicates that the algorithm has successfully learned the
complex relationships between input variables and supply chain outcomes. This basic accuracy is
essential, but it also indicates performance in the model. The true value of the model is revealed when
these learned patterns successfully predict unseen data and turn historical insights into actionable
forecasts that drive strategic planning and operational improvements.
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Figure 6: Real-World Performance: Testing Dataset Validation Results

The model demonstrates strong predictive ability on independent test data, with predictions
closely following actual performance values across the 69-93 index spectrum. Small clustering at higher
performance levels indicates that the model slightly underestimates peak performance scenarios but
maintains overall reliability. This out-of-sample validation confirms the model's readiness for production
deployment. Organizations can confidently use these predictions for resource allocation, risk mitigation,
and strategic planning. Consistent accuracy empowers supply chain managers to anticipate disruptions,
proactively optimize operations, and maintain competitive advantage through data-driven performance
management.

Support Vector Regression
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Figure 7: Training Phase Special: Model Learning Validation
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This scatterplot shows excellent model performance during training, with predicted values
accurately matching actual supply chain performance indices ranging from 67 to 91. The nearly perfect
linear relationship on the diagonal demonstrates that the algorithm has effectively captured the underlying
patterns in supplier reliability, inventory turnover, transportation capacity, and processing times. This
strong foundation establishes confidence in the mathematical structure of the learning model. The
uniformly tight fit across all performance levels indicates balanced learning without bias toward specific
thresholds, setting the stage for reliable real-world application and strategic decision support.
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Figure 8: Operational Readiness: Independent Test Set Validation

This critical validation phase validates the predictive power of the model on completely

unobserved data, covering performance indices from 69 to 94. Tightly clustered points on the diagonal
verify successful generalization without overfitting. The model accurately predicts moderate to high
performance scenarios, although slight variation appears at the upper limits. This proven reliability
enables a confident deployment of predictive analytics, allowing organizations to predict performance
trends, identify improvement opportunities, and proactively address potential bottlenecks. Verified
accuracy transforms raw data into strategic insight, empowering supply chain leaders to make informed,
proactive decisions that improve performance and competitive positioning.

Table 2: Model Performance on Training Data

Dat | Symb MaxErr

a ol Model R2 EVS MSE RMSE MAE or MSLE | MedAE
Linear

Trai Regressi | 0.9977 | 0.9977 | 0.1188 | 0.3447 | 0.2945 | 0.6503 | 1.96969 | 0.3209

n LR on 94 94 58 58 46 65 E-05 33
Random
Forest

Trai Regressi | 0.9982 | 0.9982 | 0.0964 | 0.3106 | 0.2173 1.63402

n RFR on 09 38 85 2 81 0.82 E-05 0.145
Support
Vector

Trai Regressi | 0.9981 | 0.9982 | 0.0990 | 0.3146 | 0.2254 | 0.9230 | 1.6611 | 0.1196

n SVR on 62 29 17 69 47 24 E-05 43
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The training performance of three regression models—linear regression (LR), random forest
regression (RFR), and support vector regression (SVR)—was evaluated. All models achieved high R?
values, with RFR slightly ahead at 0.9982, indicating better fit. RFR also demonstrated the lowest MSE
(0.0965) and RMSE (0.3106), indicating better prediction accuracy. SVR showed the lowest MedAE
(0.1196), reflecting stronger average error handling. Overall, all models performed strongly, with RFR and
SVR showing small advantages in error reduction and stability.

Table 3: Model Performance Comparison on Testing Dataset

Dat | Symb MaxErr MedA
a ol Model R2 EVS MSE RMSE MAE or MSLE E
Linear
Te Regressi | 0.9952 | 0.9952 | 0.2044 | 0.4521 | 0.3677 | 0.8866 | 3.13593E | 0.3038
st LR on 64 89 26 35 78 74 -05 79
Random
Forest
Te Regressi | 0.9779 | 0.9804 | 0.9535 | 0.9765 | 0.5907 0.000116
st RFR on 1 22 68 08 14 2.73 256 0.1625
Support
Vector
Te Regressi | 0.9931 | 0.9935 | 0.2971 | 0.5450 | 0.4529 | 1.1548 | 3.8252E- | 0.3916
st SVR on 18 21 02 71 75 18 05 89

The experimental performance of linear regression (LR), random forest regression (RFR), and
support vector models shows strong predictive capabilities. LR R2? (0.9953) RMSE (0.4521), accurate
generalization. SVR was comparable to the R2 of 0.9931, but with slightly higher errors. RFR showed the
lowest R2 (0.9779) and the highest MaxError (2.73), indicating sensitivity to outliers despite a reasonable
mean error (0.1625). Overall, LR shows the most consistent performance on unobserved data, while RFR
and SVR show ability under specific conditions

CONCLUSION

Supply chain management (SCM) key ensuring throughout all stages of production and
distribution. An efficient supply chain improves customer satisfaction, reduces operating costs, and
strengthens a company’s competitiveness in the global marketplace. With the advancement of
technology, modern SCM integrates data analytics, automation, and artificial intelligence to improve
forecasting, inventory management, and decision-making. Sustainability has also become a major focus
as companies strive to reduce waste and adopt environmentally friendly practices. Ultimately, effective
supply chain management is not just about moving goods from suppliers to consumers—it’s about
creating value, building strong partnerships, and responding quickly to market changes. A well-managed
supply chain helps businesses stay agile, resilient, and ready for future challenges.
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Decision Tree Regression for Crowd Supply Quality Prediction: An
Oversampling Analysis in Social Computing Applications

This paper examines the use of decision tree regression to predict quality scores in collaborative
work and social computing environments. The study analyzes a dataset of 35 observations that includes
staff size, task difficulty, average completion time, and quality outcomes to understand performance
patterns in collaborative work settings. Descriptive analysis reveals that task difficulty exhibits strong
positive correlations with both completion time (r=0.75) and quality score (r=0.74), while showing minimal
direct impact on staff size outcomes. The decision tree regression model shows perfect performance with
R2=1.00 on the training data and zero error on all metrics (MSE, RMSE, MAE). However, the test data
exhibits severe overfitting, with R2 dropping dramatically to 0.51, RMSE to 0.025, and MAE to 0.0225.
The model’'s predictions are narrowly between 0.78-0.82, indicating poor generalization ability, despite
actual values ranging from 0.77-0.87. This performance gap confirms that the model has memorized
training methods rather than learned underlying relationships. The strong correlation identified is between
completion time and quality score (r=0.88), indicating that sufficient task duration is crucial to achieve
better results. The findings highlight the challenge of balancing model complexity with predictive reliability
in crowding environments. More challenging tasks requiring extended completion times tend to produce
higher quality outputs, while the results indicate that the size of the workforce alone does not guarantee
improved performance. This study highlights the need to implement regularization techniques, pruning
strategies, or ensemble methods to address overfitting and improve model generalization for practical
crowding quality prediction applications.

Key Words: Crowdsourcing Quality Prediction, Decision Tree Regression, Social Computing,
Overfitting Analysis, Machine Learning Performance Metrics.

INTRODUCTION

This paper presents Social Drive, a novel crowd-sourced vehicle social network (VSN) system
aimed at promoting sustainable transportation. Social Drive integrates standard vehicle on board
diagnostic (OBD) modules with cloud computing capabilities and the connectivity of widely used social
media platforms [1] although tasks like image interpretation are simple for humans; they remain highly
challenging for even the most advanced algorithms and are not easily automated. Prior to the rise of
crowdsourcing, such tasks were typically assigned to employees, often leading to increased
organizational costs [2] the collaborative sharing of information, resources, and task execution by
individuals is an emerging trend. This is evident in the widespread adoption of crowdsourcing applications
and services such as Amazon Mechanical Turk, messaging platforms like Fire Chat, knowledge-sharing
platforms, ride-sharing services like Umber, and home-sharing services such as airing [3] Crowd sourced
computing offers a promising alternative by harnessing the combined power of human intelligence and
computational systems. This integrated approach referred to as crowd sourced social media computing is
intended to solve complex problems that exceed the capabilities of individuals working alone [4] While
social media supports disaster relief through information dissemination and awareness, it often lacks the
structural integration needed for efficient coordination among multiple agencies. In contrast,
crowdsourcing tools can collect real-time information from affected areas and present visual data to aid
emergency response decision-making [5] this work may be one of the first to leverage crowd sourced
social media for urban emergency detection.

It utilizes social media data to build a crowd-powered knowledge base that includes essential
components such as keywords, sentence patterns, affirmative expressions, and a structured knowledge
map [6]Researchers have also explored integrating crowdsourcing with computer science (CS) in
multidimensional ways, including blending automated image analysis with human-computer collaboration
in social media content [7]In the humanities, the potential and limitations of crowdsourcing are explored
through case studies of social media projects, offering lessons on participatory research and effective
collaborative methods [8]One key advantage of crowd sourced data collection is its use of mobile,
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ground-level sensors, making it flexible and intelligent particularly beneficial for domains such as weather
monitoring [9]To address broader and more complex problems, this paper proposes a group-based
crowdsourcing model, where tasks are delegated to naturally formed groups rather than isolated
individuals or artificially created teams. These groups collaborate to tackle intricate challenges [10]
Crowd-based crowdsourcing proves especially valuable for tasks that are difficult for machines but
relatively easy for humans. To motivate participation, contributors should be compensated or offered
incentives linked to task outcomes [l1]Platforms like Amazon Mechanical Turk provide ideal
environments for such work, allowing users to perform repetitive tasks such as translation, content
tagging, and classification often in combination with automated tools [12] this approach was tested in a
small-scale study involving, which demonstrated how crowdsourcing can be integrated into real-time,
social media-based assistance tools. The findings also offered guidelines for developing future Al
systems that provide support via social media platforms [13] the aforementioned knowledge base is
constructed by extracting data from social media platforms. It organizes this information into components
like keywords, linguistic patterns, and visual knowledge maps [14At its core, crowdsourcing is a form of
participatory engagement where individuals or organizations issue open calls to a diverse public, inviting
voluntary contributions of labor, knowledge, and resources to accomplish tasks of varying complexity [15].

MATERIALS AND METHOD
Materials:

Work force: The total number of people assigned or assigned to work on a specific task, project, or task,
which indicates the overall team size, staffing capacity, and human resource allocation to complete the
assigned work objectives.

Task difficulty: A quantitative measure or rating that indicates the complexity, challenge level, skill
requirements, cognitive demands, and overall difficulty of a specific task, work assignment, or project
component.

Average time seconds: The average amount of time, measured in seconds, that workers need to
complete a task, calculated over multiple instances, attempts, or iterations of the same job to determine
typical completion deadlines.

Quality score: A numerical rating, assessment, or evaluation metric that measures the standard,
accuracy, excellence, correctness, and overall quality of a completed work output, final deliverable, or
work result.

Optimization Techniques:
Decision Tree Regression:

Decision Tree Regression is a supervised machine learning algorithm used to predict a series of
numerical values by learning simple decision rules from data features. Unlike classification trees, which
predict distinct categories, regression trees produce true-valued predictions.

How it works

The algorithm builds a tree-like model by repeatedly partitioning a dataset into subsets based on feature
values. At each node, it selects the feature and range that best minimizes the prediction error, which is
typically measured by the mean squared error (MSE) or mean absolute error (MAE). This partitioning
process continues until stopping criteria such as maximum depth, minimum samples per leaf, or negligible
error reduction are met.

Prediction process

To predict a new event, the algorithm traverses the tree from root to leaf, following the branches based on
the event's feature values. The leaf node reached determines the predicted output value.

Advantages and limitations

Decision tree regression is intuitive, handles nonlinear relationships, requires minimal data preprocessing,
and provides feature importance insights. However, it tends to overestimate the training data, producing
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very complex trees that do not generalize well. Small data variations can significantly change the tree
structure, making predictions unstable. To address these limitations, ensemble methods such as Random
Forests and Gradient Boosting combine multiple decision trees, improving accuracy and robustness, and
reducing overfitting through averaging or boosting techniques.

3. ANALYSIS AND DISCUSSION

This dataset provides information about worker performance on various task difficulties, average
completion times, and resulting quality scores. The variable number of workers ranges from 10 to 44,
while task difficulty ranges from 0.05 (very easy) to 0.95 (very difficult). Average time_seconds
represents the time taken in seconds, and quality rating measures the output quality on a scale of 0-1.
One notable pattern is that higher task difficulty generally increases the average time, for example when
difficulty levels are above 0.8, completion times are often above 170 seconds. Accordingly, quality scores
are higher for more difficult tasks handled by more workers, e.g., difficulty 0.95 yields scores of 0.95—
0.96. In contrast, for easy tasks (difficulty less than 0.2), completion times are very short (around 100-125
seconds), but quality scores vary widely from 0.74 to 0.80, indicating that ease alone does not guarantee
superior quality. Moderate task difficulty (0.4—0.65) shows more mixed results, with times ranging from
130-165 seconds and quality scores ranging from 0.82 to 0.90. This suggests that both an adequate
number of workers and appropriate task challenge may be required for optimal quality. The data reflect a
trade-off: more time and difficulty can yield higher quality, but too much complexity or too few workers can
reduce performance efficiency.

TABLE 1. Descriptive Statistics

num_workers | task_difficulty | avg_time_sec | quality _score

Count 35 35 35 35
Mean 27 0.517143 149.28571 0.856286
Std 10.246951 0.279428 27.710235 0.06059
Min 10 0.05 100 0.74
25% 185 0.3 127.5 0.81
50% 27 0.55 150 0.86
75% 35.5 0.75 172.5 0.9
Max 44 0.95 195 0.96

The descriptive statistics in Table 1 summarize the performance data for 35 observations on four
variables: number_of workers, task_difficulty, average_time_seconds, and quality_score. The number of
workers ranges from 10 to 44, with a mean of 27 and a relatively high standard deviation (10.25),
indicating considerable variation in group sizes. Task_difficulty has a mean of 0.517, which is near the
midpoint of the 0-1 scale, indicating a balance between easy and difficult tasks in the dataset. The
spread (std = 0.279) shows the range of tasks from very easy (0.05) to very difficult (0.95). Quartiles
indicate that 25% of tasks have a difficulty of 0.3 or less, while the top 25% have a difficulty greater than
0.75. The average completion time is centered at approximately 149 seconds, with moderate variability
(27.71 seconds). The shortest time recorded is 100 seconds, while the longest reaches 195 seconds,
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reflecting the influence of both task complexity and staff size. Quality scores are generally high, with an
average of 0.856, with values ranging from 0.74 to 0.96. The intermediate range (0.81 to 0.90) shows that

most performance is around strong quality levels.
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FIGURE 1. Scatter plot of various Crowdsourcing and social computing

Figure 1 presents a scatter plot matrix illustrating the relationships between num workers, task
difficulty, avg time sec, and quality score, along with their respective distributions. From the scatter
patterns, task difficulty shows a strong positive relationship with avg time sec, indicating that more
challenging tasks generally take longer to complete. Similarly, task difficulty and quality score show a
slight positive trend, indicating that higher difficulty leads to slightly improved quality—perhaps due to
greater focus or greater employee effort. The relationship between num workers and other variables is
less consistent. There is no clear linear relationship between num workers and quality score, although
moderate clustering suggests that some employee sizes (around 25—-35 workers) may balance speed and
quality. Num workers and avg time sec show a slight upward trend, indicating that larger teams may be
associated with longer task durations, which may be due to coordination overhead. The histograms on
the diagonal show that task difficulty and grade score are very evenly distributed, while num workers and
avg time sec show wide spreads, indicating considerable variation in team sizes and task durations.
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FIGURE 2. Correlation Heat Map Between the Process Parameters and the Responses

task_difficult
quality_score -

avg

Figure 2 shows a correlation heat map depicting the relationships between number workers, task difficulty,
avg time sec, and quality score. The results reveal that number workers has very weak correlations with all other
variables, with values close to zero (-0.076 to 0.075). This indicates that team size does not play a significant direct
role in affecting task difficulty, completion time, or quality. In contrast, task difficulty shows strong positive
correlations with both avg time sec (0.75) and quality score (0.74). This indicates that more challenging tasks take
longer to complete and tend to achieve higher quality scores, as such tasks require more effort, focus, and accuracy.
The strongest relationship is between avg time sec and quality score (0.88), indicating that longer task durations are
strongly associated with better quality. This implies that when more time is spent on a task — whether due to greater
complexity or careful execution — the quality of the outcome will improve significantly.

Decision Tree Regression
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FIGURE 3. Decision Tree Regression quality score (Training data)
This graph 3 shows the performance of a decision tree regression model on the training data,

comparing predicted quality scores to actual values. The points align almost perfectly on the diagonal
line, indicating excellent model fit, with predictions closely matching the actual scores over the entire
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range (from 0.75 to 0.95). The nearly perfect alignment suggests that the model learned the training data
patterns very well and achieved high accuracy. However, this exceptional performance raises concerns
about potential overfitting, where the model may have memorized the training data instead of learning
common patterns. The absence of scattered points or prediction errors is atypical for real-world data and
suggests that the model may struggle with new, unseen data despite its impressive training performance.

Predicted vs Actual quality_score (Testing data)
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FIGURE 4. Decision Tree Regression quality score (Testing data)

This graph 4 shows the performance of the decision tree regression model on the test data, which
exhibits a stark contrast to the training results. The scattered points deviate significantly from the diagonal
reference line, indicating poor predictive accuracy in the unseen data. Despite true values ranging from
0.77-0.87, the predictions are primarily in the range of 0.78-0.82, demonstrating the model’s limited ability
to capture data variability. This performance gap between training and testing confirms severe overfitting.
Although the model achieves nearly perfect accuracy on the training data, it fails to generalize to new
observations. Instead of learning the underlying relationships, the model essentially memorizes the
training patterns, resulting in unreliable predictions. This requires model refinement through techniques
such as pruning, tree depth reduction, or the use of ensemble methods to improve generalization ability.

TABLE 2. Performance Metrics of Decision Tree Regression (Training, Testing Data)

Data | Symbol R2 EVS MSE RMSE MAE MaxError | MSLE | MedAE

Train | DTR | 1.00000 | 1.00000 | 0.00000 | 0.00000 | 0.00000 | 0.00000 | 0.00000 | 0.00000

Test DTR | 0.50980 | 0.51471 | 0.00063 | 0.02500 | 0.02250 | 0.04000 | 0.00019 | 0.02000

This table 2 quantitatively confirms the severe overfitting observed in the decision tree regression
model. The training data shows perfect performance on all metrics: R2 and the explained variance score
(EVS) are both equal to 1.0, while all error metrics (MSE, RMSE, MAE, MaxError, MSLE, MedAE) are
zero. This indicates that the model perfectly memorized the training data without any prediction errors.
However, the test data exhibits a dramatically degraded performance. R2 drops to 0.51, meaning that the
model explains only 51% of the variance in the unobserved data compared to 100% in training. The error
metrics increase significantly: RMSE of 0.025, MAE of 0.0225, and maximum error of 0.04 indicate
significant prediction errors. The mean absolute error (MedAE) of 0.02 shows standard prediction
deviations. This extreme performance difference strongly demonstrates overfitting. This model produced
a very complex tree structure that captured training data noise rather than true underlying patterns,
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resulting in poor generalization. This necessitated the implementation of regularization techniques,
pruning strategies, or ensemble methods to balance model complexity with predictive reliability.

CONCLUSION

This research demonstrates both the potential and limitations of decision tree regression in
predicting quality scores within crowd sourcing and social computing frameworks. Analysis of crowd
sourcing task performance reveals important insights into the relationships between worker parameters
and output quality. Task difficulty emerges as a significant predictor, showing strong positive correlations
with both completion time and quality scores, indicating that more challenging tasks require more effort
and attention, ultimately yielding better results. The performance of the decision tree regression model
illustrates a classic machine learning challenge: striking a delicate balance between model complexity
and generalization ability. While the model achieved perfect accuracy on the training data (R2=1.00, zero
error metrics), its dramatic performance decline on the test data (R2=0.51) strongly confirms severe
overfitting. The model produced an overly complex tree structure that captured noise and specific training
patterns rather than learning general relationships. This resulted in narrow prediction ranges (0.78-0.82)
that failed to capture the true variation in quality scores (0.77-0.87). These findings highlight several
important implications for crowd management and predictive modeling. First, adequate task completion
time is strongly correlated with high quality outcomes (r=0.88), indicating that rushing to complete tasks
compromises quality. Second, staff size alone does not guarantee improved performance, suggesting
that task allocation strategies should prioritize appropriate difficulty levels and time allowances over
increasing team sizes. Third, predictive models for crowd formation require careful regularization to avoid
overfitting. Future work should focus on implementing ensemble methods such as Random Forests or
Gradient Boosting to improve prediction accuracy and robustness. Additionally, incorporating pruning
techniques, controlling tree depth, and incorporating cross-validation strategies will improve model
generalization. Expanding the dataset size and exploring additional features such as worker expertise,
task type, and collaboration patterns may provide deeper insights. Ultimately, building reliable quality
prediction models will enable more efficient task allocation, resource strategy, and performance
management in crowd-building platforms, which will contribute to the advancement of social computing
systems and collaborative intelligence architectures.
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