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Artificial Intelligence Multi-Objective Optimization Analysis of Smart
Infrastructure Systems Using the MOORA Method

Artificial Intelligence (Al) is revolutionizing various fields, especially medicine, where its
integration is reshaping clinical practice. The potential of Al in improving diagnostic accuracy, streamlining
workflows, and improving patient care is immense. As we enter the 2020s, the role of Al in medicine,
especially in gastrointestinal diseases, marks a new era of innovation and advancement. Research
significance: Artificial Intelligence (Al) is revolutionizing various sectors by enabling intelligent systems
capable of problem-solving and decision-making. Its transformative impact spans healthcare, education,
and industry, improving accuracy, efficiency, and personalized approaches. Techniques like MOORA
simplify complex decision-making, benefiting applications ranging from medical diagnostics to resource
optimization. The integration of Al across multiple domains underscores its pivotal role in shaping the
future. Methology: The alternative options for infrastructure are Infrastructure 1, Infrastructure 2,
Infrastructure 3, Infrastructure 4, Infrastructure 5, Infrastructure 6, and Infrastructure 7. The evaluation
criteria consist of Performance, Sustainability, Interactivity, Complexity, Reliability, and Security. Result:
According to the results, Infrastructure 4 was ranked highest, while Infrastructure 1 was ranked lowest.
Conclusion: Infrastructure 4 has the highest value for Artificial Intelligence according to the MOORA
approach.

Keywords: Artificial Intelligence (Al), Machine Learning (ML), Explainable Al, Medical Technologies,
Personalized Education, Evolutionary Processes, Cognitive Systems, and Big Data.
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INTRODUCTION

They will prove mathematical theorems about non-uniqueness. Some machines can perform
certain tasks, and sometimes, even better than their creators. Sonmei can even distinguish between
handwritten characters. Is this enough to attract such significant attention, to cause deep concern? |
believe we are entering an era profoundly influenced by intelligent problem-solving systems. However,
our aim is not to speculate about the future, but rather to outline and demonstrate the early stages of the
evolution of "artificial intelligence." [11] Artificial intelligence has evolved significantly since the days of the
Turing test, evolving into its modern form. As we step into the 2020s, a new era in medicine is emerging,
with Al gradually becoming a part of routine medical practice. The possibilities for Al applications in the
management of gastrointestinal diseases are vast. These include improving diagnostic capabilities in
endoscopy, streamlining endoscopy workflows, and aiding in more accurate patient stratification for
common gastrointestinal conditions such as gastrointestinal bleeding and neoplasia.[12] The concept of
experience and knowledge is crucial to understanding artificial intelligence and its impact on medicine.
The more experience and data we have (through data analytics), the more likely we are to make informed
decisions. Data can be gathered from evidence-based medicine, such as textbooks and peer-reviewed
publications, while experience comes from real-world outcomes in patient care, including patient records,
laboratory results, and radiological findings. [13]

In general, the term “medical technology” refers to a variety of tools that help healthcare
professionals improve patients’ quality of life by enabling early diagnosis, reducing complications,
improving treatments, and providing less invasive alternatives, ultimately leading to shorter hospital stays.
Before the mobile era, medical technologies were primarily associated with traditional devices such as
implants, stents, and prosthetics. However, the rise of wearable devices, smartphones, sensors, and
communication networks has revolutionized medicine, allowing for the creation of Al-powered solutions
(such as apps) in much smaller forms. Often described as a branch of computer science with numerous
applications in fields involving large datasets but limited theoretical frameworks, Al has significantly
advanced medical progress. [14] The development of Al is closely linked to theoretical questions.
Traditional philosophical concerns in fields such as metaphysics, epistemology, and logic are reflected in
Al research. Key questions about what intelligence is, how it can be represented, and how knowledge is
acquired are essential for designing intelligent systems. Despite centuries of philosophical debate, there
is no consensus on the definition of intelligence, which presents challenges for Al researchers trying to
create systems that mimic intelligent behavior. The paper argues that relying solely on philosophical
insights does not provide definitive answers for programming intelligent machines. The journey of Al
began with the early work of Alan Turing, where he suggested that machines could be designed to exhibit
intelligent behavior, such as playing chess. Since then, Al has evolved to solve complex problems that
test human intelligence, including mathematical theorem proving and chemical analysis.

There are various methods for creating Al, one of which involves simulating natural selection,
where intelligence emerges through the mutation of computer programs in challenging environments.
This approach does not require a deep understanding of intelligence, but focuses on the evolutionary
process. A practical way to define machine intelligence is through behavioral criteria: a machine can be
considered intelligent if it can solve problems that require human-like intelligence or if it can thrive in
environments that require intelligence. [15] Advances in machine learning (ML) techniques are driving the
development of Al systems capable of perceiving, learning, making decisions, and acting autonomously.
However, these systems currently cannot explain their decisions and actions to human users. This
limitation is particularly significant in the security sector, where the demand for more intelligent,
autonomous, and collaborative systems is increasing. Explainable Al is essential for users to trust,
understand, and effectively manage these Al systems. To address this challenge, DARPA has launched
the Explainable Al Initiative. [16] The US government has been funding basic Al research in recent years,
particularly in areas such as robotics and pattern recognition (e.g., image and speech recognition).
Microsoft has released advanced image recognition technology and real-time translation robots. Amazon
is using Al to build self-driving robots for its delivery networks. Facebook has also developed BDeepFace,
an Al-powered facial recognition system. [17]
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Artificial intelligence (Al) technology can be used in a variety of situations. Al can complete some
tasks more reliably, quickly, and consistently than humans, but it is unlikely to completely replace human
healthcare workers. Examples include measuring arterial stenosis and other parameters in cardiac
imaging, determining bone age in radiographic examinations, and detecting treatable eye problems with
optical coherence tomography. Healthcare providers can focus on more complex tasks and allocate
human resources more effectively by automating labor-intensive and time-consuming tasks that are not
inherently complex. [18] Atrtificial intelligence (Al), once considered the stuff of science fiction and
futuristic societies, is now a fundamental part of everyday life in our technologically advanced, high-tech
society. While there are many definitions of artificial intelligence, they have changed over time.
Nowadays, Al is often defined as the use of gadgets such as smartphones or healthcare systems to help
people or to solve complex cognitive problems that are beyond the capabilities of human intelligence. It is
also considered a technology that recognizes problems and generates solutions for the benefit of people
and society. Essentially, artificial intelligence seeks to create robots with human-like thought processes.
[19]

In the mid-1990s, interest in Al was rekindled as advances in computing power enabled the
development of neural networks. The microcomputer revolution and Moore's Law helped drive these
advances, allowing computers to overcome the limitations of traditional Lisp machines that had previously
hindered Al progress. The potential of Al, supported by sufficient computing power, was further enhanced
in 1997 when IBM introduced Deep Blue [20] Artificial intelligence (Al) is transforming medical practice. It
has been explored in many healthcare fields, including natural language processing, population health,
and precision medicine. Computer vision, which has attracted much interest in the medical field, is a
particularly promising area for Al applications. Vision-related specialties, including radiology, pathology,
ophthalmology, and dermatology, are seen as areas that can benefit greatly from Al. The availability of
large digital datasets that can be used to train deep learning algorithms for tasks such as image lesion
recognition is driving the development of artificial intelligence. To demonstrate the promise of Al-driven
healthcare in the future, this article examines significant medical Al research in fields linked to vision. [21]
Artificial Intelligence (Al) is slowly becoming a part of our daily lives. Al applications now play a role in
decision-making that was once the domain of highly trained professionals. This shift has led to significant
advances in a variety of fields. For example, Al is being used to analyze images to detect cancer cells,
predict the time and location of major earthquakes, and help develop companion robots to support
overburdened healthcare workers. [22] A common challenge in teaching is that students have different
learning speeds and levels of understanding. This can lead to advanced students getting bored, while
others may struggle to grasp new concepts and terms. Atrtificial intelligence offers a solution through
personalized learning. This approach tailors’ educational content to each student's individual needs,
adjusting to their learning pace, knowledge level, and specific needs. By personalizing the learning
experience, personalized learning helps prevent students from failing exams and provides continuous
support throughout their educational journey. [23] Despite widespread expectations and concerns, there
is still little understanding of how automation, particularly Al and robotics, will affect the labor market and
productivity. Moreover, much of the discussion in popular media and academic circles focuses on a false
dichotomy. Alarmist perspectives predict that advances in Al and robotics will lead to job losses, while
many economists, citing historical trends and arguing that technological progress will ultimately increase
labor demand and wages, say there is no reason to worry this time. [24] The wonderful universe depicted
in the famous books by British mathematician Charles Lutwidge Dodgson (Lewis Carroll) is similar to the
world we live in today.

Advances in artificial intelligence (Al) have enabled technologies such as self-driving cars, smart
speakers, and image recognition. Artificial intelligence is defined as the ability to accurately read external
input, learn from it, and use that knowledge to perform specific tasks and goals in adaptive ways. Al was
first acknowledged as a research topic in the 1950s, but for more than 50 years it remained largely
unknown and had few real-world applications. But as massive amounts of data and processing power
grew, artificial intelligence (Al) has emerged as a major topic in public and business discussions. [25] The
definitions of ‘intelligence’ and ‘advancement’ are unclear, and it is uncertain whether intelligence can be
measured or compared in a single dimension as ‘high’ or ‘low’. In addition, for our purposes, we need the
concept of intelligence that exceeds human capabilities or allows technological systems to contribute
significantly to research. However, ‘human-level intelligence’ is a challenging concept that is often met
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with resistance. Finally, to avoid unintended associations, we should avoid using terms that are already
commonly associated with specific groups or concepts, such as “artificial intelligence,” “intelligence,”
“artificial general intelligence,” or “cognitive system.” [26] Global communication, /0O device technology,
embedded systems, sensor technologies, smart products, microelectromechanical systems, and adaptive
software are all interrelated areas. The research also highlights key areas of intelligence, including
context awareness, emotional computing, natural interaction, media management and manipulation, and
computational intelligence. We believe that artificial intelligence will play a key role in the development of
ambient intelligence (Aml). [27] To ensure clinical efficacy and safety, new drugs and medical devices
must be thoroughly evaluated, typically through randomized clinical trials and post-marketing surveillance.
If Al is to successfully improve medical care, a consistent level of evidence is needed to demonstrate
better outcomes and prevent unintended consequences. The level of evidence required for Al tasks is
currently unclear, although it should be commensurate with the complexity of the task. For example, for
clinical use, it would be sufficient to verify the accuracy of Al-powered imaging applications against
accepted quality criteria for conventional imaging. However, the level of evidence required should be
more stringent as Al applications spread to areas such as diagnosis, treatment, and prognosis. [28] Some
Al researchers define "artificial intelligence" as any system that mimics human intelligence in some way,
while others believe that it should apply only to programs that mimic human cognitive processes.
Additionally, some in the information systems field classify many Al programs as sophisticated information
systems, reserving the label of "true" artificial intelligence for those that engage in high-level decision-
making. [29] The brain is an incredibly complex system, recognized for its ability to learn and perform
complex calculations related to perception, cognition, and motor control, all of which are critical for
intelligent behavior. For years, scientists have been trying to replicate these capabilities in artificial
intelligence (Al) systems. While these efforts initially met with limited success, in recent years Al
applications have become more widespread and have impacted various aspects of daily life. [30]

MATERIALS AND METHODS

The task of simultaneously optimizing two or more competing goals while remaining within
predetermined parameters is called multi-objective optimization, sometimes referred to as multi-criteria or
multi-attribute optimization. These problems are common in industries that require decisions to balance
trade-offs between multiple competing objectives, such as manufacturing, finance, oil and gas, aircraft
design, product and process design, and automotive design. Common examples include increasing
vehicle efficiency while reducing fuel consumption, increasing profitability while controlling product cost,
and reducing weight while increasing the strength of a particular technical component. In real-time
manufacturing systems, decision-making becomes complex due to the presence of multiple stakeholders
with differing interests and values. For decision-making to be effective, objectives must be measurable,
and the impact of each alternative decision must be estimable. Objective results provide a basis for
comparing alternatives, helping in selecting the most suitable option. Therefore, multi-objective
optimization methods are essential tools for ranking or selecting alternatives based on multiple conflicting
attributes. One such technique is the MOORA method. [1]

The simultaneous optimization of two or more conflicting objectives, subject to certain constraints,
is called multi-objective optimization. Common examples include increasing vehicle efficiency while
reducing fuel consumption, increasing profitability while reducing manufacturing costs, and reducing
weight while increasing the strength of an engineering component. Both favorable (where higher values
are always chosen) and unfavorable (where higher values are not preferred) objectives are in conflict.
One method for multi-objective optimization is the Method of Ratio Analysis (MOORA). [2] Three
contractors took the top three spots, and the fourth contractor’s positive ranking has not yet been made
public. The last spot goes to one contractor. While their exact rankings are unknown, the remaining ten
contractors are ranked lower. It is interesting — perhaps surprising — that the best contractors are not the
best in terms of pricing. However, the size of the company appears to be a significant factor. As a result,
the assumption that no small businesses were initially taken into account turns out to be incorrect. [3]
Using an improved nominal group technique and the Delphi approach, Multi-Objective Optimization by
Ratio Analysis (MOORA) satisfies six requirements. Furthermore, to partially satisfy the seventh
condition, MOORA uses two different multi-objective optimization approaches. The reason MOORA is
considered a particularly robust method is that no other technique fully satisfies all seven conditions. The
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two components of the non-dimensional measurement-based MOORA technique are a set of non-
dimensional ratios and the use of these ratios as distances to a reference point. These two MOORA
components are controllable and interdependent. [4] The well-being economy has a more comprehensive
approach. In this economy, everyone should be satisfied with things like financial well-being, health,
education, security, and the environment. As a result, to assess well-being, several goals must be
achieved simultaneously. When these goals are maximized or minimized, they represent general well-
being. MOORA. [5] His approach is very helpful for decision makers without a strong mathematical
background, as it requires only basic ratio analysis and some mathematical calculations. Furthermore, the
MOORA approach requires significantly less computer time. Unlike other multi-objective decision making
(MODM) methods that require specialized software, the MOORA technique is easy to use in Microsoft
Excel. As a result, the MOORA technique is highly adaptable and reliable for a variety of decision-making
problems. [6] Selecting students to receive scholarships to improve their academic performance is a
challenge that can be solved with the help of the MOORA approach.

There are numerous decision-making situations in which this method can be used. Decision-
makers at a college, if they have a decision-making support system, can select scholarship recipients
based on the merits of the students. The MOORA approach is used in conjunction with predetermined
criteria to select PPA scholarship recipients. Scholarship recipients can be prioritized based on the value
generated by this procedure, which determines the best candidate. In this situation, a decision support
system using the MOORA technique will be implemented to select the most deserving students. [7] We
have shown that the MOORA method is a useful approach for evaluating key performance indicators of
various machines involved in the manufacturing process. Our contribution lies in the ability to adapt to
different conditions by adjusting machine parameters, providing significant flexibility. This well-structured
method provides a robust solution for evaluating the performance of plastic injection molding machines.
[8] Operational decision-making processes such as machine selection, human resource selection, vendor
selection, and job design are of great importance to organizations that want to improve their human
resource management. To assist decision-makers in making informed decisions, the literature offers a
variety of multi-attribute decision-making (MADM) techniques. The aim of this study is to demonstrate
how decision-making problems can be solved at each level of the manufacturing process using a new
MADM technique based on the Method of Ratio Analysis (MOORA). [9] A decision support system that
can help determine the optimal teacher performance must be built in light of the challenges. The Multi-
Objective Optimization Based on Ratio Analysis (MOORA) method is employed by this system. The
MOORA approach offers flexibility and clarity by dividing the subjective aspects of the evaluation process
into distinct criteria for making decisions. The best instructor performance ranking system yields a [10]

Alternatives in Smart Cities

Analytical Hierarchy Process (AHP) is used in smart city contexts to assign weights to parameters based
on their importance. By comparing parameters pairwise and calculating their relative values, this
approach facilitates an organized decision-making process. After the weights are determined, the
alternatives are ranked according to the evaluation criteria using Multi-Objective Optimization Based
Ratio Analysis (MOORA). This procedure involves normalizing the decision matrix and adding the scores
of positive and negative attributes to provide an overall ranking of the options.

Other infrastructure alternatives 1,2,3,4,5,6,7.
Evaluation Parameters
Benefit Parameters
e Performance: Measures the effectiveness of the smart sensor in delivering services.

o Sustainability: Evaluates the environmental impact and resource efficiency of the infrastructure.
¢ Interactivity: Looks at how well the system engages with users and responds to their needs.

Non-Benefit Parameters

R/

+ Complexity: The level of difficulty in integrating and managing the smart sensors.
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+ Reliability: Evaluates the consistency and dependability of the sensor data.

»  Security: Assesses the measures in place to protect data and ensure user privacy

ANALYSIS AND DISSECTION

TABLE 1.Artificial intelligence

DATA SET

Performance: | Sustainability: | Interactivity: | Complexity | Reliability: | Security
Infrastructure 1 56 60 7000 500 80 4
Infrastructure 2 67 55 4500 220 90 4
Infrastructure 3 76 45 3800 60 50 8
Infrastructure 4 45 85 7200 410 40 2
Infrastructure 5 89 88 2700 35 80 6
Infrastructure 6 79 30 1200 60 90 2
Infrastructure 7 31 70 4600 85 45 4

Table 1 The dataset outlines the numerical values for six evaluation parameters — performance,

sustainability, interoperability, complexity, reliability and security — across seven infrastructures, showing
variations in parameter contributions. Interoperability stands out as the most influential parameter, with
Infrastructure 1 and Infrastructure 4 receiving exceptionally high scores of 7000 and 7200 respectively,
indicating them as top performers. In contrast, Infrastructure 6 has the lowest interoperability score of
1200, indicating weak performance in this aspect. Performance and sustainability show moderate
variations. Infrastructure 5 excels in both, scoring 89 in performance and 88 in sustainability, highlighting
strong contributions. Infrastructure 7, on the other hand, records the lowest performance score (31) but
achieves a moderate sustainability score (70). The complexity values are relatively low across all
infrastructures. Infrastructure 1 records the highest complexity score (500), while Infrastructure 5 has the
lowest score (35), indicating a lower impact of this parameter compared to the others. Reliability and
security contribute with less importance. Infrastructure 6 ranks highest in reliability (90), while
Infrastructure 3 leads in security (8). However, both Infrastructure 4 and Infrastructure 6 score the lowest
in security (2), indicating potential areas for improvement.

Artificial intelligence
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FIGURE 1. Artificial intelligence

Figure 1 presents an assessment of seven infrastructures based on six parameters: performance,
stability, interoperability, complexity, reliability, and security. The infrastructures being evaluated are listed
on the horizontal axis, and the parameter values are represented on the vertical axis. The chart reveals
that the interoperability parameter (represented by the gray bars) is significantly higher than the others in
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all infrastructures, with Infrastructure 1 and Infrastructure 4 showing the highest interoperability values. In
contrast, the other parameters — performance (blue), stability (orange), complexity (yellow), reliability
(green), and security (light blue) — contribute relatively small values. Infrastructure 4 stands out with the
highest interoperability score, emphasizing its strength in this area, while Infrastructure 1 performs well in
interoperability but shows minimal contributions from the other parameters. In contrast, Infrastructure 7
demonstrates moderate interactivity and a more evenly distributed contribution from parameters such as
reliability and security. This comparison highlights the significant influence of interactivity on the overall
performance of infrastructures, while other parameters, although less dominant, still play a meaningful
role. The visualization provides valuable insights into how each parameter contributes to the overall
assessment of infrastructures in the context of artificial intelligence.

TABLE 2. Normalized Data

Normalized Data
Performance: | Sustainability: | Interactivity: | Complexity | Reliability: | Security
Infrastructure
1 0.3204 0.3498 0.5443 0.7201 0.4269 | 0.3203
Infrastructure
2 0.3833 0.3207 0.3499 0.3168 0.4802 0.3203
Infrastructure
3 0.4348 0.2624 0.2955 0.0864 0.2668 | 0.6405
Infrastructure
4 0.2575 0.4956 0.5598 0.5905 0.2134 0.1601
Infrastructure
5 0.5092 0.5131 0.2099 0.0504 0.4269 | 0.4804
Infrastructure
6 0.4520 0.1749 0.0933 0.0864 0.4802 0.1601
Infrastructure
7 0.1774 0.4081 0.3577 0.1224 0.2401 0.3203

Table 2. Normalized data provides the measured values of six evaluation parameters — performance,
stability, interoperability, complexity, reliability and security — across seven infrastructures. Normalization
ensures fair comparison by standardizing the data within a range of 0 to 1, highlighting strengths and
weaknesses. Infrastructure 5 achieves the highest normalized score for performance (0.5092), reflecting
its strong contribution, while Infrastructure 7 records the lowest score (0.1774). Similarly, in sustainability,
Infrastructure 5 leads with 0.5131, while Infrastructure 6 ranks lowest at 0.1749. Interoperability continues
to be the dominant parameter, with Infrastructure 4 (0.5598) and Infrastructure 1 (0.5443) taking the top
spots. On the contrary, Infrastructure 6 ranks the lowest in this category (0.0933), which underlines its
weak performance. Complexity generally shows low values among all infrastructures, with Infrastructure 1
having the highest score (0.7201), and Infrastructure 5 the lowest (0.0504), indicating a limited overall
impact of this parameter. Reliability is led by Infrastructure 2 and Infrastructure 6, both receiving scores of
0.4802, while Infrastructure 4 ranks the lowest (0.2134). In terms of security, Infrastructure 3 stands out
with the highest score (0.6405), while Infrastructure 4 and Infrastructure 6 are at the bottom with 0.1601.

TABLE 3. Weight
Weight

Infrastructure 1 025| 025 | 0.25 | 0.25| 0.25 | 0.25
Infrastructure 2 025| 025| 0.25| 0.25| 0.25 | 0.25
Infrastructure 3 025| 025| 0.25| 0.25| 0.25 | 0.25
Infrastructure 4 025| 025 | 0.25| 0.25| 0.25 | 0.25
Infrastructure 5 025| 025| 0.25| 0.25| 0.25 | 0.25
Infrastructure 6 025| 025| 0.25| 0.25| 0.25 | 0.25
Infrastructure 7 025| 025| 0.25| 0.25| 0.25 | 0.25

Table 3 weighting indicates that the six evaluation parameters, namely performance, stability,
interoperability, complexity, reliability and security, are of equal importance across the seven
infrastructures. Each parameter receives a weight of 0.25, meaning that no single parameter is given
priority in the evaluation. This equal weighting represents a balanced approach in which all factors are
considered equally important in assessing the overall performance of the infrastructures. While this
approach ensures fairness in the analysis, it may not account for the different priorities that may arise in
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real-world situations, where some parameters may be more important depending on the context or
objectives.

TABLE 4. Weighted Normalized Decision Matrix

Weighted normalized decision matrix
Infrastructure 1 | 0.0801 | 0.0875 | 0.1361 | 0.1800 | 0.1067 | 0.0801
Infrastructure 2 | 0.0958 | 0.0802 | 0.0875 | 0.0792 | 0.1201 | 0.0801
Infrastructure 3 | 0.1087 | 0.0656 | 0.0739 | 0.0216 | 0.0667 | 0.1601
Infrastructure 4 | 0.0644 | 0.1239 | 0.1400 | 0.1476 | 0.0534 | 0.0400
Infrastructure 5 | 0.1273 | 0.1283 | 0.0525 | 0.0126 | 0.1067 | 0.1201
Infrastructure 6 | 0.1130 | 0.0437 | 0.0233 | 0.0216 | 0.1201 | 0.0400
Infrastructure 7 | 0.0443 | 0.1020 | 0.0894 | 0.0306 | 0.0600 | 0.0801

The weighted normalized selection matrix for the seven infrastructures evaluated on the six factors is
shown in Figure 4. After adjusting for weight, each value in the table indicates the relative importance of a
particular parameter for each infrastructure. The matrix reveals that Infrastructure 5 has the highest
scores for the first two parameters — performance and stability — with scores of 0.1273 and 0.1283,
respectively. This indicates that Infrastructure 5 excels in these areas compared to the other
infrastructures. However, its score for complexity (0.0126) is very low, indicating a simple design with low
complexity. In contrast, Infrastructure 4 performs well in interactivity (0.1400) and complexity (0.1476),
indicating strengths in user engagement and system complexity, although it scores low in areas such as
stability. Infrastructure 3 generally has low scores across most parameters, particularly complexity
(0.0216) and interactivity (0.0739), indicating limitations in these areas. Meanwhile, Infrastructure 7 shows
balanced scores across all parameters, with no distinct advantages or disadvantages in any particular
area. This comparison highlights the varying strengths and weaknesses of each infrastructure, providing
a clear overview of their performance across the assessed parameters.

TABLE 5.Assesment value

Assesment

value
Infrastructure 1 -0.0632
Infrastructure 2 -0.0159
Infrastructure 3 -0.0003
Infrastructure 4 0.0872
Infrastructure 5 0.0686
Infrastructure 6 -0.0016
Infrastructure 7 0.0651

The weighted normalized decision matrix the evaluation values for each of the seven infrastructures
obtained from the full evaluation are shown in Table 5. The overall performance of each infrastructure is
indicated by these values; high performance is indicated by positive values, while weak results are
indicated by negative values. Infrastructure 4 performs best overall, as seen by its maximum evaluation
score of 0.0872. This positive score, as seen in Table 4, indicates that Infrastructure 4 excels in the
various areas evaluated, due to its strength in aspects such as interactivity and complexity. Infrastructure
5 follows closely with an evaluation value of 0.0686, indicating solid performance, although slightly behind
Infrastructure 4. It performs particularly well in performance and sustainability, although it lags slightly in
other areas. In contrast, Infrastructure 1 has the lowest evaluation value of -0.0632, reflecting its weak
overall performance. This negative score highlights low performance across multiple parameters,
indicating challenges in areas such as complexity or reliability. The remaining infrastructures (2, 3, 6, and
7) show small positive or negative values, with infrastructure 3 being almost neutral at -0.0003. These
values indicate that these infrastructures have balanced performance, performing neither better nor worse
than the others.

TABLE 6. Rank
| Infrastructure | Rank |
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The ranking according to the evaluation values of the seven infrastructures is shown in Table 6.
Infrastructure 4 ranks first, indicating that it is the infrastructure with the highest overall performance. This
is consistent with the strong evaluation value of Table 5, which showed excellent performance across the
evaluation parameters. Infrastructure 5 ranks second, reflecting its solid performance, which is slightly
behind Infrastructure 4. Infrastructure 7 ranks third, showing a balanced performance that puts it ahead of
the other infrastructures. Although Infrastructure 3 has an almost neutral evaluation value, it ranks fourth,
indicating sufficient performance that does not stand out compared to the others. Infrastructure 6 ranks
fifth, outperforming Infrastructure 2, which ranks sixth. Finally, Infrastructure 1 ranks seventh, reflecting its
weak overall performance, consistent with its low evaluation value in Table 5.

Rank

Infrastructure 2 Infrastructure 4 Infrastructure &
Infrastructure 1 Infrastructure 3 Infrastructure 5 Infrastructure 7

FIGURE 2.Rank

Seven infrastructures are ranked according to the evaluation criteria specified in Figure 2.. The vertical
axis represents the ranking values (1 being the best), while the horizontal axis corresponds to the seven
infrastructures. It shows that Infrastructure 4 ranks first with a ranking of 1, indicating its best performance
according to the given criteria. Infrastructure 5 ranks second. Conversely, Infrastructure 1 and
Infrastructure 2 rank lower, ranking 7 and 6 respectively, indicating their relatively weak performance. The
rankings show significant fluctuations, with a steep progression from Infrastructure 1 to Infrastructure 4,
followed by a rise in ranking for Infrastructure 5. Infrastructure 6 sees a slight decline, while Infrastructure
7 advances to rank 7. This variation in rankings reflects differences in performance across infrastructures,
which may be influenced by the relative weights and scores assigned during the evaluation process. The
analysis provides important information about how well each infrastructure performs in a specific
environment

CONCLUSION

Artificial intelligence (Al) is advancing rapidly, and its transformative potential is attracting significant
attention from experts and the public. From its early theoretical roots to its current applications, Al is on
the verge of revolutionizing a variety of industries, especially medicine. Al's ability to mimic human
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intelligence and tackle complex tasks has sparked interest in its potential to improve healthcare practices.
Innovations in Al extend beyond solving theoretical problems and are leading to the creation of systems
that can autonomously address real-world challenges. For example, in medical technology, Al is
becoming increasingly important in improving diagnostic accuracy, improving procedures, and refining
treatment strategies. The growth of Al, especially in the medical field, has been remarkable since its
inception. Today, Al is increasingly integrated into medical settings, and its influence is being felt across
many medical specialties. The 2020s mark a period in which the role of Al in healthcare will be redefined,
especially in areas such as gastrointestinal diseases. Al is improving diagnostic processes, such as
detecting abnormalities in endoscopic images, while streamlining healthcare delivery. Given the growth of
digital data and its ability to evaluate massive amounts of data, Al has the potential to drastically change
medical decision-making. By supporting data analytics and leveraging real-world experience, Al holds the
promise of greatly improving patient care. Traditionally, medical technology has been associated with
physical devices such as prosthetic limbs and surgical instruments. However, the rise of mobile
technology, wearables, and Al-powered applications has transformed the field. The integration of Al with
smartphones and wearables is enabling healthcare providers to leverage real-time data for more
personalized care. This shift toward intelligent, Al-powered technology is not only increasing the accuracy
of diagnosis, but also making healthcare more accessible and efficient. Al is now involved not only in
diagnosing conditions, but also in developing treatment plans and predicting patient outcomes. The Al

revolution has not only disrupted healthcare, but has also sparked important philosophical and ethical
debates. The pioneering work of people like Alan Turing laid the foundation for what Al has become
today, but the true nature of intelligence remains uncertain. As Al continues to evolve, defining “intelligent
behavior” remains a central research question. Al systems can now complete tasks that require human-
like thinking through methods such as machine learning and deep learning. However, difficulties still exist,
especially when it comes to creating algorithms that can inform human users’ choices. In high-stakes
industries such as healthcare, where trust in Al systems is crucial to their successful and widespread
adoption, the need for “explainable Al” is particularly pressing.
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Evaluating Al-Driven Cyber security Solutions: A Multi-Criteria Analysis
Using ELECTRE Method

This study uses the ELECTRE technique to analyze four important Al-driven solutions in order to
investigate the transformational effect of Al in cyber security. The research evaluates Al-Based Predictive
Threat Intelligence, Automated Incident Response Systems, Al-Driven Behavioral Analytics, and Al-
Assisted Security Operations Center (SOC) across six critical criteria: response time improvement, threat
prediction accuracy, scalability, false positive rate, and deployment complexity. The study employs a
comprehensive methodological framework utilizing normalized data matrices, weighted evaluations, and
concordance-discordance analyses to assess the relative effectiveness of each solution. The results
demonstrate that Al-Assisted SOC consistently outperforms other alternatives, ranking first in both net
superior value (0.754) and net inferior value (0.7842) measurements. This solution shows particular
strength in response time improvement (94%) and maintains balanced performance across other criteria.
The analysis reveals significant trade-offs between different Al approaches. While Al-Based Predictive
Threat Intelligence excels in threat prediction accuracy (93%), it struggles with scalability and false
positive rates. Automated Incident Response Systems demonstrate strong performance in response time
improvement (80%) and maintain moderate scores across other metrics. Al-Driven Behavioral Analytics
shows notable strength in scalability but faces challenges in response time improvement. The findings
highlight the importance of considering multiple criteria in selecting Al-driven cybersecurity solutions, as
no single approach dominates across all parameters. The study concludes that organizations should align
their choice of Al solutions with specific security requirements and operational constraints. In addition to
offering a formal framework for assessing and choosing suitable Al-driven security solutions in an
increasingly complex threat landscape, this research advances our knowledge of Al's role in
strengthening cyber security capabilities.

Keywords: Artificial Intelligence (Al), ELECTRE Method, CybersecuritySolutions, Multi-criteria Decision
Analysis, Security Operations Center (SOC), Threat Intelligence Analytics.

INTRODUCTION

Artificial intelligence (Al) is transforming numerous industries, and one of the most critical
domains where its impact is being profoundly felt is cybersecurity. As the world becomes increasingly
digital, the threats posed by cybercriminals continue to evolve, becoming more sophisticated and harder
to detect. In this environment, Al emerges not just as a tool but as a necessity to secure digital
landscapes effectively.[1]. Delving into how Al enhances security measures, the challenges it introduces,
and its potential role in shaping the future of cyber security. Al is a vital tool in the fight against
cyberthreats because of its capacity to swiftly and precisely evaluate enormous volumes of data. In order
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to detect malicious behavior, traditional cybersecurity systems mostly depend on pre-established rules
and signatures. While effective in detecting known threats, these systems struggle to changing tactics of
cybercriminals.[2]. Al, however, operates differently. Machine learning (ML), a subset of Al, enables
systems to identify patterns and anomalies in data that might indicate a cyber-attack. ML models can
anticipate and react to threats in real-time, frequently before they do serious harm, by being trained on
past data. For example, by examining email content, sender behavior, and metadata, Al-driven security
systems may identify phishing efforts.[3].

These tools can identify subtle indicators that human users might overlook, such as
inconsistencies in writing style or unusual attachment types. Similarly, Al can protect against ransom ware
by monitoring system behavior and detecting encryption processes that deviate from normal patterns. By
intervening early, Al can prevent ransom ware from locking critical systems and demanding ransom
payments. Another significant application of Al in cybersecurity is its role in threat hunting. Advanced
persistent threats (APTs) often operate undetected for extended periods, infiltrating sensitive information
or disrupting operations.[4].Moreover, Al enhances the capabilities of Security Operations Centers
(SOCs) by prioritizing alerts and reducing false positives. The sheer number of alarms produced by
different monitoring systems in conventional configurations sometimes overwhelms security experts.
False positives make up a large portion of these warnings, which increases the likelihood of missing real
threats and causes alert fatigue.[5]. By analyzing and classifying warnings according to context and
severity, Al makes sure that analysts concentrate on the most important problems.[6]. Notwithstanding
these benefits, there are several difficulties in using Al into cybersecurity. The possibility of hostile
assaults on Al systems is one of the main worries. By feeding Al algorithms altered data, cybercriminals
may take advantage of flaws in the models and make them make conclusions. For example, an attacker
might craft a malicious file that an Al-based antivirus system fails to recognize as harmful. Addressing this
issue requires robust Al training methods and the development of systems that are resilient to adversarial
inputs.[7]. Ethical Al usage in cybersecurity presents another difficulty. Although artificial intelligence (Al)
may greatly improve security, it can potentially be misused. Cybercriminals are increasingly leveraging Al
to create more sophisticated malware, automate phishing campaigns, and identify vulnerabilities in
systems. This creates an arms race between defenders and attackers, with both sides continuously
improving their Al capabilities. Furthermore, the use of Al raises privacy concerns, as it often involves
analyzing large amounts of user data. The rapid adoption of Al in cybersecurity also brings workforce
implications.

While Al can automate many routine tasks, it cannot replace human expertise entirely. Skilled
cybersecurity professionals are still needed to interpret Al-generated insights, make strategic decisions,
and address complex threats. However, the growing reliance on Al necessitates a shift in skillsets.
Cybersecurity professionals must now possess a deeper understanding of Al and ML technologies to
effectively leverage their capabilities.[8]. This highlights the importance of education and training
programs to prepare the workforce for this evolving landscape. Al's contribution to cybersecurity is
expected to grow in the future. As Al technologies continue to advance, they will enable the development
of more sophisticated security solutions. analyze human communication, enhancing their capacity to
identify assaults via social engineering. Similarly, advancements in deep learning could lead to more
accurate and efficient anomaly detection, reducing the likelihood of undetected threats. Al's potential
extends beyond defensive measures. Proactive cybersecurity strategies, such as predictive threat
intelligence, are gaining traction. By analyzing global threat trends and patterns, Al can forecast potential
attack vectors and help organizations bolster their defenses preemptively.[9]. Al can help monitor and
secure these devices by analyzing their behavior and detecting anomalies indicative of compromise.
Similarly, as quantum computing advances, it could render many existing encryption methods
obsolete.[10]. Al-driven research into quantum-resistant cryptographic algorithms will be crucial in
ensuring the security of future systems. Despite its potential, the adoption of Al in cybersecurity must be
approached with caution. Over-reliance on Al could lead to complacency, with organizations neglecting
other critical aspects of security, such as employee training and robust policies. Additionally, the
centralization of Al systems introduces single points of failure that could be exploited by attackers.
Diversifying security measures and incorporating redundancy will be essential to mitigate these risks.
Collaboration between stakeholders will also be vital in maximizing the benefits of Al in cybersecurity.
Governments, academia, and the private sector must work together to establish standards, share threat
intelligence, and promote ethical Al practices.[11]. Public-private partnerships can drive innovation and
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ensure that Al technologies are accessible to organizations of all sizes, reducing disparities in
cybersecurity capabilities. Al holds immense promise in transforming cybersecurity, offering advanced
tools and techniques to combat the ever-evolving threat landscape. Its ability to analyze vast datasets,
detect anomalies, and respond in real-time makes it a powerful ally in securing digital environments.
However, the integration of Al also introduces challenges, including adversarial attacks, ethical concerns,
and workforce implications. By addressing these issues and fostering collaboration, society can harness
the full potential of Al to build a safer and more resilient digital future. As technology continues to evolve,
so too must our approaches to cybersecurity, with Al serving as both a shield and a catalyst for
innovation.[12].

MATERIALS & METHODS
Alternatives:

Al-Based Predictive Threat Intelligence (M1):This solution focuses on anticipating potential cyber
threats by analyzing patterns and trends in global threat intelligence. It enables proactive defenses by
predicting attack vectors, which is particularly useful for organizations facing persistent threats.

Automated Incident Response Systems (M2):These systems streamline and automate the process of
responding to cybersecurity incidents. By reducing manual intervention, they improve response time and
minimize the impact of breaches or attacks.

Al-Driven Behavioral Analytics (M3):This alternative analyzes user and system behavior to detect
anomalies that might indicate malicious activity. It excels in identifying subtle, unusual patterns those
traditional systems might overlook.

Al-Assisted SOC (M4):This solution enhances the efficiency of Security Operations Centers by
prioritizing alerts, reducing false positives, and integrating Al insights into routine SOC workflows,
enabling quicker and more accurate threat management.

Evaluation Parameters:

Detection Accuracy (C1):This parameter measures how accurately a system can identify genuine
threats, a critical factor in reducing false negatives and ensuring robust protection.

Response Time Improvement (C2):Faster response times are vital in limiting the impact of attacks. This
parameter evaluates the percentage improvement in response times achieved by the solution.

Threat Prediction Accuracy (C3):This evaluates the ability of the solution to predict threats accurately,
enabling organizations to preemptively address vulnerabilities.

Scalability (C4):The capacity of the solution to handle growing data volumes and adapt to larger
infrastructures is rated on a scale of 1 to 10.

False Positive Rate (C5):A lower false positive rate is desirable as it reduces unnecessary alerts, helping
security teams focus on genuine threats.

Complexity of Deployment (C6):This parameter rates the effort and technical challenges involved in
implementing the solution, where lower values indicate easier deployment.

ELECTRE Method

Artificial intelligence (Al) is revolutionizing the cybersecurity landscape, providing innovative
solutions to combat the increasing sophistication and scale of cyber threats. Using an example dataset,
this article explores the use of the ELECTRE technique in the context of "Al and the Future of
Cybersecurity," highlighting the procedure and its consequences.[13]. The ELECTRE method is a
multicriteria decision-making (MCDM) approach that compares alternatives based on predefined
evaluation parameters. This approach is particularly suitable for cybersecurity decisions, where multiple
conflicting criteria must be evaluated simultaneously.[14]. For this analysis, we consider four Al-driven
cybersecurity alternatives Al-Based Predictive Threat Intelligence (M1), Automated Incident Response
Systems (M2), Al-Driven Behavioral Analytics (M3), and Al-Assisted SOC (M4) assessed against six
evaluation parameters. These metrics can be classified as either non-benefit criteria (lower values are
better) or benefit criteria (higher values are better), providing a holistic view of each alternative's
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performance.[15]. To apply the ELECTRE method, the first step involves normalizing the dataset to
ensure all parameters are on a comparable scale. This normalization process transforms the data into
dimensionless values, enabling direct comparison across different metrics.[16]. Following normalization,
each criterion is given a weight according to its relative significance. For instance, detection accuracy
(C1) and threat prediction accuracy (C3) might carry higher weights due to their critical roles in identifying
and mitigating cyber threats, while parameters like complexity of deployment (C6) and false positive rate
(C5) could have slightly lower weights. The concordance matrix captures the extent to which one
alternative is better than another for each criterion, weighted by the criterion’s importance. For example, if
M4 (Al-Assisted SOC) outperforms M2 (Automated Incident Response Systems) in detection accuracy,
this superiority is reflected in the concordance value, emphasizing the significance of this criterion.[17].

Conversely, the discordance matrix records the degree to which an alternative is worse than
another in any criterion. For instance, if M3 (Al-Driven Behavioral Analytics) has a higher complexity of
deployment compared to M1 (Al-Based Predictive Threat Intelligence), the discordance index highlights
this disadvantage. The next step involves defining threshold values for concordance and discordance to
filter out insignificant differences. Alternatives are compared based on these thresholds to identify
dominance relationships. If an alternative surpasses another in concordance while maintaining
acceptable discordance, it is considered superior. This iterative process eliminates dominated
alternatives, narrowing down the choices to the most favorable options.[18]. For instance, if M4 exhibits
high concordance due to its superior detection accuracy, scalability, and moderate false positive rate, it
may emerge as a preferred choice despite its relatively higher complexity of deployment. In the context of
this dataset, the analysis reveals interesting insights. Al-Assisted SOC (M4) demonstrates robust
performance across multiple criteria, with the highest detection accuracy (94%) and strong scalability
(9/10).[19]. However, its slightly higher complexity of deployment (7/10) and moderate false positive rate
(5%) are potential drawbacks. Al-Driven Behavioral Analytics (M3), on the other hand, excels in scalability
(10/10) and maintains a low false positive rate (4%), but its higher complexity of deployment (9/10) and
slightly lower response time improvement (65%) affect its overall standing. Automated Incident Response
Systems (M2) strikes a balance with competitive response time improvement (80%) and moderate
complexity (6/10), making it a viable option for organizations prioritizing rapid incident handling.
Meanwhile, Al-Based Predictive Threat Intelligence (M1) combines high threat prediction accuracy (93%)
with strong scalability (9/10), positioning it as a versatile solution for proactive cybersecurity
strategies.[20].

By considering both benefit and non-benefit criteria, it ensures a comprehensive evaluation that
aligns with organizational priorities and resource constraints. For instance, organizations with limited
budgets might prioritize alternatives with lower implementation costs and complexity, even if they offer
slightly lower detection accuracy.[21]. Similarly, enterprises facing frequent and sophisticated
cyberattacks might prioritize high detection and threat prediction accuracy, despite higher complexity or
cost. The ELECTRE method's use further emphasizes how crucial data-driven decision-making is in
cybersecurity.[22]. By systematically evaluating alternatives, organizations can make informed choices
that maximize the effectiveness of their Al-driven solutions while minimizing potential drawbacks.[23]. The
integration of Al in cybersecurity is reshaping the way organizations defend against cyber threats, and
methods like ELECTRE provide valuable frameworks for evaluating and selecting the most effective
solutions.[24]. The sample dataset illustrates how Al-driven alternatives can be assessed based on
multiple criteria, balancing benefits like detection accuracy, scalability, and threat prediction with
challenges such as complexity and false positive rates. By leveraging tools like ELECTRE, decision-
makers can navigate the complexities of cybersecurity, aligning their strategies with organizational goals
and the dynamic threat landscape. As Al continues to advance, the ability to evaluate and optimize these
technologies will be crucial in building secure and resilient digital ecosystems.[25].

ANALYSIS AND DISCUSSION

Alternative

Al-Based Predictive Threat M1
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Intelligence
Automated Incident Response M2
Systems
Al-Driven Behavioral Analytics M3
Al-Assisted SOC M4

Evaluation Preference

Response Time Improvement (%) Cc1
Response Time Improvement (%) C2
Threat Prediction Accuracy (%) C3
Scalability (1-10) C4

False Positive Rate (%) C5
Complexity of Deployment (1-10) C6

TABLE 1. Al and Future of Cybersecurity

c1 Cc2 C3 C4 C5 Cé
M1 92 70 93 9 6 8
M2 90 80 88 7 7 6
M3 93 65 91 10 4 9
M4 94 75 89 9 5 7

Table 1 evaluates the performance of Al-driven cybersecurity systems using the ELECTRE method
across six criteria: response time improvement (C1 and C2), threat prediction accuracy (C3), scalability
(C4), false positive rate (C5), and deployment complexity (C6). Four Al-based approaches are assessed:
M1 (Predictive Threat Intelligence), M2 (Automated Incident Response Systems), M3 (Behavioral
Analytics), and M4 (Al-Assisted SOC). M1 excels in threat prediction accuracy (C3) with a score of 93%,
indicating its strong capability to predict threats. However, it struggles in scalability (C4) and false positive
rate (C5), scoring 9 and 6%, respectively, which highlight limitations in adapting to broader networks and
reducing false alarms. M2 achieves balanced performance, particularly in response time improvement
(C1: 90%) and a low false positive rate (C5: 7%), showcasing efficiency in rapid responses and accurate
detection. M3 demonstrates strength in threat prediction accuracy (C3: 91%) but has low scalability (C4:
0). M4 balances strong response time improvement (C1: 94%) with moderate scores across other
metrics, making it a versatile option. This table highlights that while Al approaches offer notable
advancements in cybersecurity, trade-offs exist between accuracy, scalability, and deployment
complexity, necessitating tailored solutions for optimal effectiveness.
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Al and the Future of Cyber security
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FIGURE 1. Al and the Future of Cyber security

Figure 1 provides a visual comparison of the performance of four Al-driven cybersecurity methods M1 (Al-
Based Predictive Threat Intelligence), M2 (Automated Incident Response Systems), M3 (Al-Driven
Behavioral Analytics), and M4 (Al-Assisted SOC) across six key criteria: response time improvement (C1,
C2), threat prediction accuracy (C3), scalability (C4), false positive rate (C5), and complexity of
deployment (C6). M4 outperforms others in response time improvement (C1: 94%) and maintains a
strong position across most other criteria, making it a well-rounded option. M1 demonstrates exceptional
threat prediction accuracy (C3: 93%), but its lower scores in scalability (C4: 9) and false positive rate (C5:
6) indicate limitations in adaptability and error reduction. M2 balances efficiency, achieving competitive
scores in response time improvement (C1: 90%) and a moderate false positive rate (C5: 7). M3 shines in
threat prediction accuracy (C3: 91%) but scores lowest in response time improvement (C2: 65%) and
scalability (C4: 10). The chart underscores the advantages and disadvantages of every Al-driven
approach, suggesting that selecting an appropriate cybersecurity strategy depends on prioritizing factors
like speed, accuracy, and adaptability. Tailored deployment can help organizations maximize benefits
while mitigating trade-offs.

TABLE 2. SUM & SQRT

C1 C2 C3 C4 C5 Cé
M1 8464 4900 8649 81 36 64
M2 8100 6400 7744 49 49 36
M3 8649 4225 8281 100 16 81
M4 8836 5625 7921 81 25 49
34049 21150 32595 311 126 230
184.5237 | 1454304 | 180.5409 | 17.63519 | 11.22497 | 15.16575

Table 2 illustrates the squared values, their sums, and corresponding square roots for six evaluation
criteria response time improvement (C1, C2), threat prediction accuracy (C3), scalability (C4), false
positive rate (C5), and deployment complexity (C6) across four Al-driven cybersecurity methods (M1, M2,
M3, and M4). The squared values represent the squared contributions of each method to the respective
criteria, emphasizing differences in performance magnitude. The sum of squared values for each criterion
shows the collective contribution: C1 (34,049) and C3 (32,595) stand out with the highest totals, indicating
these criteria are heavily emphasized across the methods. In contrast, C4 (311) and C5 (126) have much
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lower totals, reflecting reduced emphasis on scalability and false positive rates. The square roots of these
totals, such as 184.52 for C1, 180.54 for C3, and 145.43 for C2, are used to normalize and compare the
criteria on a common scale. These values highlight that C1 and C3 are the most influential factors,
showcasing the importance of improving response time and threat prediction accuracy. This analysis
reinforces the trade-offs among Al methods and helps guide decision-makers in prioritizing criteria based
on organizational needs for effective cybersecurity solutions.

TABLE 3. Normalized Data Matrix

Normalized Data Matrix
C1 Cc2 C3 Cc4 C5 cé
M1 | 0498581 | 0.48133 | 0.515119 | 0.510343 | 0.534522 | 0.527504
M2 | 0487742 | 0.550091 | 0.487424 | 0.396934 | 0.62361 | 0.395628
M3 | 0504 | 0446949 | 0.504041 | 0.567048 | 0.356348 | 0.593442
M4 | 0.50942 | 0.515711 | 0.492963 | 0.510343 | 0.445435 | 0.461566

Table 3 presents the Normalized Data Matrix, a critical step in the ELECTRE method, where raw values
for six criteria response time improvement (C1, C2), threat prediction accuracy (C3), scalability (C4), false
positive rate (C5), and complexity of deployment (C6) are normalized to enable fair comparisons across
four Al-driven cybersecurity methods (M1, M2, M3, and M4). Normalization ensures that each criterion,
regardless of its scale, is expressed as a unit-less value ranging from 0 to 1. For C1 (response time
improvement), M4 (0.509) exhibits the highest normalized value, indicating superior performance in
improving response time, followed closely by M3 (0.504) and M1 (0.499). In C3 (threat prediction
accuracy), M1 (0.515) leads, reflecting its strong capability in identifying potential threats. M3 (0.567)
performs best in C4 (scalability), showcasing adaptability to larger networks, while M2 (0.624) achieves
the lowest false positive rate (C5), an essential factor for reducing unnecessary alerts. Finally, M3 (0.593)
demonstrates the least complexity in deployment (C6), highlighting ease of implementation. This matrix
highlights the strengths of each method while showcasing trade-offs across criteria. Decision-makers can
use these normalized scores to weigh options effectively based on organizational priorities and
cybersecurity needs.

Response Rezponse Scalability (1- False Po

Time dic R:

FIGURE 2. Weighted Normalized Data Matrix

Figure 2 visualizes the Weighted Normalized Data Matrix, a key step in the ELECTRE method, which
combines normalized scores with assigned weights to evaluate the performance of four Al-driven
cybersecurity approaches Al-Based Predictive Threat Intelligence (M1), Automated Incident Response
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Systems (M2), Al-Driven Behavioral Analytics (M3), and Al-Assisted SOC (M4)—across six criteria:
response time improvement (C1, C2), threat prediction accuracy (C3), scalability (C4), false positive rate
(C5), and complexity of deployment (C6). The chart reveals that M3 (Al-Driven Behavioral Analytics)
outperforms others in scalability (C4) and deployment complexity (C6), reflecting its adaptability and ease
of implementation. M2 (Automated Incident Response Systems) leads in minimizing the false positive rate
(C5), crucial for reducing unnecessary alerts. In contrast, M1 (Al-Based Predictive Threat Intelligence)
achieves the highest scores in threat prediction accuracy (C3), indicating strong performance in
identifying potential threats. M4 (Al-Assisted SOC) performs consistently across all criteria, particularly
excelling in response time improvement (C1, C2). This weighted matrix highlights the trade-offs between
speed, accuracy, adaptability, and complexity among Al-driven methods. Decision-makers can use this
visualization to prioritize cybersecurity strategies that align with organizational goals and resource
constraints while addressing critical performance areas effectively.

TABLE 4. Weighted Normalized Matrix

Weighted Normalized matrix
0.2336 0.1652 0.3355 0.1021 0.0424 0.1212
C1 Cc2 c3 (0} C5 Cé6
M1 | 0.116469 | 0.079516 | 0.172822 | 0.052106 | 0.022664 | 0.063934
M2 | 0.113937 | 0.090875 | 0.163531 | 0.040527 | 0.026441 | 0.04795
M3 | 0.117734 | 0.073836 | 0.169106 | 0.057896 | 0.015109 | 0.071925
M4 | 0.119 0.085195 | 0.165389 | 0.052106 | 0.018886 | 0.055942

Table 4 presents the Weighted Normalized Matrix, a refined evaluation of four Al-driven cybersecurity
methods (M1: Al-Based Predictive Threat Intelligence, M2: Automated Incident Response Systems, M3:
Al-Driven Behavioral Analytics, and M4: Al-Assisted SOC) across six criteria—response time
improvement (C1, C2), threat prediction accuracy (C3), scalability (C4), false positive rate (C5), and
complexity of deployment (C6). with C3 (threat prediction accuracy: 0.3355) and C1 (response time
improvement: 0.2336) receiving the highest weights, emphasizing their significance in evaluating
cybersecurity solutions. Conversely, C5 (false positive rate: 0.0424) and C4 (scalability: 0.1021) have
lower weights, reflecting reduced priority. M1 demonstrates strong performance in C3 (0.1728),
showcasing its high accuracy in threat prediction, while M4 leads in C1 (0.119) and balances
performance across other criteria, making it a well-rounded choice. M3 excels in C4 (scalability: 0.0579)
and C6 (deployment complexity: 0.0719), emphasizing adaptability and ease of use. M2 performs well in
reducing C5 (false positive rate: 0.0264) but lags in scalability. This weighted matrix allows decision-
makers to prioritize Al methods based on organizational goals, emphasizing critical criteria like accuracy,
response time, and scalability while balancing trade-offs.

Scalshility (1- F

(1-10)

ed Predictive Threat Intelhgence * Automated Incident Response Systems
* Al-fssisted SOC

= Al-Driven Behavioral Analytics
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FIGURE 3. Weighted Normalized Matrix

Figure 3 visually represents the Weighted Normalized Matrix, which evaluates the performance of four Al-
driven cybersecurity methods Al-Based Predictive Threat Intelligence (M1), Automated Incident
Response Systems (M2), Al-Driven Behavioral Analytics (M3), and Al-Assisted SOC (M4) across six key
criteria: response time improvement (C1, C2), threat prediction accuracy (C3), scalability (C4), false
positive rate (C5), and complexity of deployment (C6).The figure highlights C3 (threat prediction
accuracy) as the most heavily weighted criterion, where M1 and M3 demonstrate strong performance,
emphasizing their superior threat detection capabilities. M4 leads in C1 (response time improvement) and
maintains consistent scores across other criteria, showcasing its balanced performance. M3 excels in C4
(scalability) and C6 (complexity of deployment), indicating adaptability to larger systems and ease of
implementation. Meanwhile, M2 performs best in minimizing C5 (false positive rate), which is crucial for
reducing unnecessary alerts but falls short in scalability. This chart underscores the strengths and trade-
offs among the Al approaches. While M1 and M4 are versatile and effective in critical areas like response
time and accuracy, M3 stands out for scalability and deployment simplicity. Decision-makers can leverage
this analysis to align their cybersecurity strategy with organizational priorities and specific performance
needs.

TABLE 5. Concordance Interval Matrix & Discordance Interval Matrix

C12 ={2} D12={1,3,4,5,6}
C13={3,5} D13={1,2,4,6}
C14={2} D14={1,3,4,5,6}
C21={1,3,4,5,6} D21={2}
C23={1,3,5} D23={2,4,6}
C24={1,4} D24={2,3,5,6}
C31={1,2,4,6} D31={3,5}
C32={2,4,6} D32={1,3,5}
C34={1,2,4,6} D34={3,5}
C41={1,3,4,5,6} D41={2}
C42={2,3,5,6} D42={1,4}
C43={3,5} D43={1,2,4,6}

Table 5 provides the Concordance (C) and Discordance (D) Interval Matrices, essential components of
the ELECTRE method, for comparing alternatives across multiple criteria. The data reveals that
concordance intervals often include larger sets of criteria, such as C21 (1, 3, 4, 5,6) and C41 (1, 3, 4, 5,
6), showing strong dominance of certain alternatives in most comparisons. Conversely, discordance
intervals, such as D21 (2) and D41 (2), highlight isolated weaknesses, where an alternative
underperforms on a single criterion. Alternatives like C12 (2) and C14 (2) show narrow concordance,
signifying limited dominance, whereas D12 (1, 3, 4, 5, 6) and D14 (1, 3, 4, 5, 6) illustrate substantial
discordance, implying significant disadvantages. This matrix-based analysis helps identify which
alternatives are more robust and where they face critical weaknesses. Decision-makers can focus on
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minimizing discordance and maximizing concordance to select solutions that align with organizational
priorities, balancing strengths and mitigating shortcomings across criteria.

TABLE 6. Concordance

1 0 1 1 0 1

1 0 1 1 0 1

0 0 1 1 0 1

Table 6 represents the Concordance Matrix, a critical output of the ELECTRE method, used to compare
alternatives based on multiple criteria. The matrix highlights instances of dominance among alternatives.
For example, Row 1 contains several 1s, showing that the corresponding alternative frequently
outperforms others, particularly compared to alternatives in Columns 3, 4, and 6. Conversely, Rows 5 and
6 display limited dominance, as most values are 0, indicating these alternatives rarely surpass others.
Alternatives with higher concentrations of 1s (e.g., Rows 1, 7, and 8) demonstrate broader concordance,
suggesting strong overall performance across the evaluated criteria. In contrast, alternatives with many
Os (e.g., Rows 4, 5, and 6) highlight weaknesses in competing against others. The Concordance Matrix
provides valuable insights into the relative strengths of alternatives, helping decision-makers identify
those that are robust across multiple criteria. It also serves as a foundation for further analysis, such as
identifying potential trade-offs and areas of improvement.

TABLE 7. Concordance Interval Matrix

Concordance Interval Matrix

M1 M2 M3 M4
M1 0 0.1652 | 0.3779 | 0.1652 | 0.7083
M2 0.8348 0 0.6115 | 0.3357 | 1.782
M3 0.6221 0.3885 0 0.6221 | 1.6327
M4 0.8348 | 0.6643 | 0.3779 0 1.877
22917 1218 | 1.3673 | 1.123 6 0.5
¢ bar

Table 7 presents the Concordance Interval Matrix, which evaluates the degree to which one alternative is
at least as good as another, aggregated across all criteria. The values in the matrix represent
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concordance indices, calculated as weighted sums of criteria where one alternative dominates or
performs equally compared to another.

Key observations include:
e Diagonal values are zero, as no alternative is compared to itself.

e M2 (Automated Incident Response Systems) shows strong dominance, achieving high
concordance values such as 0.8348 against M1 and 0.6115 against M3, reflecting robust overall
performance.

e M4 (Al-Assisted SOC) also demonstrates significant dominance, particularly with the highest row
sum (1.877) across alternatives, indicating balanced superiority in most comparisons.

e M3 (Al-Driven Behavioral Analytics) achieves moderate concordance values but lags behind M4
and M2, evident in its row sum (1.6327).

e M1 (Al-Based Predictive Threat Intelligence) shows weaker performance, with lower row sums
(1.123), suggesting limited dominance across criteria.

The column sums (€) provide the total dominance an alternative receives from others. Lower values
suggest strong alternatives, as seen with M4 and M2, while higher values indicate weaker performance,
such as M1. This analysis helps prioritize robust alternatives like M4 and M2, aligning with decision-
making objectives.

TABLE 8. Concordance Index Matrix

Concordance Index Matrix

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

The provided table 8 represents the Concordance Index Matrix, commonly used in multi-criteria decision
analysis (MCDA), specifically the ELECTRE (Elimination and Choice Translating Reality) method. This
matrix helps evaluate alternative options based on different criteria, allowing for the identification of the
most favorable alternative. Each cell in the matrix indicates the level of concordance (agreement)
between pairs of alternatives (M1, M2, M3, M4). The value "1" suggests that one alternative is preferred
over another based on the criteria being analyzed, while "0" indicates no clear preference or a tie. The
matrix is asymmetric, as the preference direction is not necessarily the same when reversed. For
example, in the first row, M1 is compared with the other alternatives (M2, M3, M4). M1 is not preferred
over any of the other alternatives (as all values are 0), suggesting that M1 may not perform well across
the assessed criteria when compared to others. On the other hand, M2 is preferred over M1 and M3, but
not over M4. These concordances provide insight into the relative standing of each alternative, which is
crucial for the decision-making process in ELECTRE method. This matrix plays a pivotal role in filtering
out less favorable alternatives to support more informed choices.

TABLE 9. Discordance

0 C1 Cc2 Cc3 C4 C5 Cé

D12 0.002532 | 0.011359 | 0.009292 | 0.011579 | 0.003777 | 0.015983
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D13 0.001266 | 0.00568 | 0.003717 | 0.00579 | 0.007555 | 0.007992

1

D14 0.002532 | 0.00568 | 0.007433 0 0.003777 | 0.007992

1

D21 0.002532 | 0.011359 | 0.009292 | 0.011579 | 0.003777 | 0.015983

0.7107

D23 0.003798 | 0.017039 | 0.005575 | 0.017369 | 0.011332 | 0.023975

1

D24 0.005064 | 0.00568 | 0.001858 | 0.011579 | 0.007555 | 0.007992

0.690181

D31 0.001266 | 0.00568 | 0.003717 | 0.00579 | 0.007555 | 0.007992

0.945305

D32 0.003798 | 0.017039 | 0.005575 | 0.017369 | 0.011332 | 0.023975

0.472652

D34 0.001266 | 0.011359 | 0.003717 | 0.00579 | 0.003777 | 0.015983

0.236326

D41 0.002532 | 0.00568 | 0.007433 0 0.003777 | 0.007992

0.7107

D42 0.005064 | 0.00568 | 0.001858 | 0.011579 | 0.007555 | 0.007992

1

D43 0.001266 | 0.011359 | 0.003717 | 0.00579 | 0.003777 | 0.015983

1

Table 9 represents the Discordance Matrix, a critical component of the ELECTRE (Elimination and Choice
Translating Reality) method used in multi-criteria decision analysis (MCDA). The matrix illustrates the
discordance index between pairs of decision alternatives (D12, D13, D14, etc.) across various criteria
(C1, C2, C3, etc.). Each entry in the matrix quantifies the level of disagreement or discordance between
the alternatives for each criterion. (i.e., both alternatives are considered equally favorable with respect to
the criterion), and values closer to 1 suggest a greater level of discordance, implying a significant
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difference in preference between the alternatives for that criterion. For example, the value of 0.002532 in
the D12 row and C1 column indicates a low level of discordance between D12 and other alternatives
when compared against the first criterion. The last column, which is labeled with specific values (e.g., 1,
0.7107, 0.945305, etc.), likely represents the overall discordance value for each pair of alternatives after
considering all criteria. These values help assess the extent to which the alternatives conflict with each
other, which aids in refining the decision-making process by eliminating alternatives that are less
consistent with the preferred outcomes.

TABLE 10. Discordance Index matrix

Discordance Interval Matrix

M1 M2 | M3| M4

M1 0 1 1 1 3

M2 0.7107 0 1 106902 | 24009

M3 0.9453 | 04727 | 0 | 0.2363 | 1.6543

M4 0.7107 1 1 0 2.7107

23667 | 24727 | 3 | 1.9265 | 9.7659

dbar | 0.813825

Table 10 presents the Discordance Index Matrix, an essential element of the ELECTRE (Elimination and
Choice Translating Reality) method for multi-criteria decision analysis (MCDA). This matrix evaluates the
level of discordance (disagreement) between pairs of alternatives (M1, M2, M3, M4) across different
criteria. The matrix is asymmetric, with each entry showing how much one alternative disagrees with
another when considering a particular criterion. For example, the value 0.7107 in the M2 vs. M1 position
indicates a moderate discordance between M1 and M2. Higher values (e.g., 2.4009) represent a more
significant disagreement in their performance across the criteria. The final row and column in the matrix
provide the aggregated discordance indices for each alternative pair, summing up the discordances
across all criteria. These aggregated values help determine the overall level of discordance between
alternatives, where the lowest values indicate minimal disagreement and thus a more favorable
comparison. The "d bar" value (0.813825) at the bottom likely represents the average or mean
discordance index across all alternatives, offering a summary measure of the overall discordance in the
decision-making process. A lower d bar suggests a more consistent preference structure among the
alternatives, which aids in identifying the most suitable decision.

TABLE 11. Discordance Index matrix

Discordance Index matrix

M1 | M2 | M3 | M4

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

M4 1 0 0 1
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Table 11 illustrates the Discordance Index Matrix within the ELECTRE method this matrix quantifies the
level of disagreement or discordance between pairs of alternatives (M1, M2, M3, M4). The values "1"
indicate a high discordance, meaning one alternative significantly underperforms compared to another
across the criteria. A "0" indicates no discordance, suggesting that the alternatives are comparable in
terms of the criteria. For example, M1 has no discordance with itself, but shows discordance when
compared to M2, M3, and M4, highlighting areas of preference conflicts.

TABLE 12. Net superior value & Net Inferior Value & Rank

Net Rank Net Rank
superior Inferior
value Value
Al-Based Predictive Threat -1.5834 4 0.6333 2
Intelligence

Automated Incident 0.564 2 -0.0718 3
Response Systems

Al-Driven Behavioral 0.2654 3 -1.3457 4

Analytics
Al-Assisted SOC 0.754 1 0.7842 1

Table 12 presents the Net Superior Value and Net Inferior Value for different security solutions (Al-Based
Predictive Threat Intelligence, Automated Incident Response Systems, Al-Driven Behavioral Analytics,
and Al-Assisted SOC) in the context of the ELECTRE method. The Net Superior Value represents the
overall positive preference for each alternative, while the Net Inferior Value indicates the degree of
disadvantage or underperformance in comparison to others. The ranking reflects the relative position of
each solution based on these values. Al-Assisted SOC has the highest Net Superior Value (0.754) and
ranks first, indicating it is the most preferred option overall. In contrast, Al-Based Predictive Threat
Intelligence has the lowest Net Superior Value (-1.5834), ranking 4th, meaning it performs less favorably
compared to the other solutions. Automated Incident Response Systems and Al-Driven Behavioral
Analytics fall in between, ranked second and third, respectively. The Net Inferior Values further reinforce
these rankings, with Al-Assisted SOC showing the highest Net Inferior Value (0.7842), indicating a strong
performance even in negative comparisons, while Al-Based Predictive Threat Intelligence has the highest
negative value (-1.3457), showing it underperforms relative to the other alternatives. This analysis helps
identify which solutions are most balanced and favorable in terms of both superior and inferior aspects.
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FIGURE 4. Net superior value & Net Inferior Value

The graph in Figure 4 illustrates the trends in "Net Superior Value" and "Net Inferior Value," as
determined by the ELECTRE method, across four instances. The blue line represents the Net Superior
Value, while the red line represents the Net Inferior Value. The Net Superior Value begins at a negative
point (approximately -1.5) for the first instance but increases sharply, becoming positive by the second
instance, and maintains an upward trend with minor fluctuations until the fourth instance. On the other
hand, the Net Inferior Value starts positively for the first instance, then decreases significantly to a
negative value by the third instance, and subsequently climbs back toward zero by the fourth instance.
This inverse relationship between the two metrics indicates a dynamic interplay where gains in one often
correspond to reductions in the other. The crossing point between the two curves in the second instance
suggests a pivotal shift where the alternatives transition from being dominated by inferior values to being
dominated by superior ones. This analysis provides insight into the trade-offs and performance dynamics
across the evaluated criteria.
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FIGURE 5. Rank

Figure 5 depicts the ranking of four alternatives Al-Based Predictive Threat Intelligence, Automated
Incident Response Systems, Al-Driven Behavioral Analytics, and Al-Assisted SOC using the ELECTRE
method. The table provides two sets of rankings that reflect the performance of these alternatives across
specific evaluation criteria. Al-Assisted SOC consistently secures the top rank (1) in both evaluations,
indicating its dominance and reliability across the criteria assessed. Al-Based Predictive Threat
Intelligence shows significant improvement, moving from rank 4 in the first evaluation to rank 2 in the
second. This improvement suggests enhanced performance or alignment with decision-making priorities
over time. In contrast, Automated Incident Response Systems declines slightly, dropping from rank 2 to
rank 3, which might indicate a relative reduction in preference or performance. Al-Driven Behavioral
Analytics experiences a downward trend, moving from rank 3 to rank 4, making it the least preferred
option in the second evaluation. This ranking analysis highlights Al-Assisted SOC as the most robust
solution across the board, while the other alternatives show variability, reflecting trade-offs between
criteria. The ELECTRE method effectively identifies these distinctions, emphasizing the importance of
evaluating alternatives holistically for decision-making. The improvements and declines suggest evolving
priorities or performance dynamics in the alternatives being assessed.

CONCLUSION

The comprehensive analysis of Al-driven cybersecurity solutions through the ELECTRE method reveals
several critical insights for organizations seeking to enhance their security infrastructure. The evaluation
of four distinct approaches—AI-Based Predictive Threat Intelligence, Automated Incident Response
Systems, Al-Driven Behavioral Analytics, and Al-Assisted SOC—demonstrates the complex interplay
between various performance criteria and organizational requirements. Al-Assisted SOC emerged as the
most balanced and effective solution, consistently ranking first in both net superior and inferior value
measurements. Its superior performance in response time improvement (94%) and consistent scores
across other criteria highlights the importance of a well-rounded approach to cybersecurity. However, this
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dominance should not overshadow the specific strengths of other solutions that might be more suitable
for organizations with particular requirements. The study underscores the significance of trade-offs in
selecting Al-driven security solutions. While Al-Based Predictive Threat Intelligence shows exceptional
capability in threat prediction accuracy (93%), its limitations in scalability and false positive rates suggest
it might be better suited for organizations prioritizing threat detection over operational scale. Similarly,
Automated Incident Response Systems' strong performance in response time improvement (80%) makes
it an attractive option for organizations where rapid incident response is crucial. The ELECTRE analysis
also reveals the evolving nature of Al in cybersecurity. The weighted normalized matrix and concordance-
discordance analyses provide a structured framework for evaluating these solutions, enabling
organizations to make informed decisions based on their specific needs and constraints. This approach
proves particularly valuable given the increasing complexity of cyber threats and the need for
sophisticated defense mechanisms. Looking forward, the findings suggest that the future of cybersecurity
lies not in selecting a single Al solution but in understanding how different approaches can complement
each other. Organizations should consider developing hybrid strategies that leverage the strengths of
multiple Al-driven solutions while mitigating their respective weaknesses. Furthermore, the continuous
evolution of Al technologies and cyber threats necessitates regular re-evaluation of security solutions to
ensure they remain effective and aligned with organizational objectives. This research contributes to the
growing body of knowledge on Al in cybersecurity and provides a practical framework for decision-
makers. Future studies should focus on exploring the potential of integrated Al solutions and their
effectiveness in addressing emerging cyber threats, as well as Al technologies on cybersecurity
capabilities.
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The replication of human Artificial intelligence (Al) refers to cognitive functions such as learning,
reasoning, problem-solving, perception, and language understanding. understanding of machines,
particularly computer systems. Atrtificial intelligence (Al), which was first developed in the 1950s, has
developed from a niche area of study to a disruptive force in sectors like healthcare, banking, education,
and transportation. The ability to process massive datasets, extract insights, and apply this knowledge to
carry out tasks with flexibility is the foundation of artificial intelligence. Advances in deep learning and
machine learning have made it possible for Al systems to get better on their own over time, doing away
with the requirement for ongoing programming. Al is notable for its capacity to generate results on par
with human intelligence, enabling machines to make choices that have hitherto required human judgment.
As Al becomes more and more. Research significance: Atrtificial intelligence (Al) research is essential
because of its potential to revolutionize industries and everyday life. As Al advances, gaining a deeper
understanding of its key mechanisms, applications, and consequences is critical to fully exploiting its
potential. Al research provides key insights into how machines can learn, adapt, and act autonomously,
improving efficiency and accuracy in fields such as medicine, finance, manufacturing, and education. In
addition, it is crucial in tackling ethical challenges such as bias, transparency, and accountability, making
sure that Al systems are designed and used responsibly. Methodology: Artificial intelligence (Al) research
is essential because of its profound potential to reshape industries and everyday life. As Al technology
advances, it is increasingly important to explore its fundamental mechanisms, applications, and
implications to maximize its capabilities. Research in Al provides critical insights into how machines can
learn, adapt, and act autonomously with greater efficiency and accuracy in areas like healthcare, finance,
manufacturing, and education. Furthermore, Al research plays a key role in addressing ethical issues like
bias, transparency, and accountability, making certain that Al systems are created and applied
responsibly. Alternative: Planning: Planning involves setting clear goals, developing strategies, and
determining the actions needed to achieve organizational objectives. It is a forward-thinking process that
creates a roadmap for success and informs decision-making along the way.

Organizing: Organizing involves structuring resources, tasks, and responsibilities in an orderly
way to efficiently carry out plans. It ensures that the necessary tools and resources are available at the
right time, enabling seamless execution. Directing: Directing: Guiding and motivating employees to work
toward organizational objectives. It involves effective communication, leadership, and support to ensure
that tasks are completed efficiently and effectively. Controlling: Controlling entails tracking progress,
comparing actual performance with established goals, and taking corrective actions as needed.
necessary adjustments. This process ensures alignment with plans and maintains consistency in
achieving desired outcomes. Commitment: Commitment reflects the commitment and accountability of
individuals or teams in achieving organizational goals. This fosters a strong sense of ownership and
sustained effort, creating a motivational and productive environment for success. Evaluation parameter:
Management: Management entails planning, organizing, directing, and controlling resources to
accomplish organizational goals. It centers on optimizing resource utilization and aligning operations with
strategic goals, ensuring that the organization operates effectively and achieves success. Finance:
Money refers to the financial resources designated for various organizational activities. It is crucial in
decision-making, budgeting, and investment processes, facilitating efficient operations, and achieving
business objectives. Marketing: Marketing involves promoting products or services to customers using
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strategies like market research, advertising, and sales efforts. It aims to create awareness, increase
demand, and strengthen customer relationships, contributing to organizational growth. Human
Resources: Human resources refer to the human resources required to execute tasks and achieve
organizational goals. Effective management and allocation of human resources are essential to increase
productivity and ensure operational efficiency.Material: Includes the physical resources required for
production or service delivery, including raw materials, equipment, and technology. Properly managing
these resources helps organizations meet customer needs while maintaining quality and efficiency.
Result: The ranking shows that planning is essential for organizational success, emphasizing the
importance of prioritizing goal-setting and strategy formulation. On the other hand, controlling is ranked
last as a reactive process that ensures alignment but depends on effective planning to be successful.

Keywords: WASPAS, Machine Learning, Automation, Neural Networks, Data Analytics, Natural
Language Processing.

INTRODUCTION

Artificial intelligence (Al) integration into everyday life is rapidly becoming essential, affecting
decisions that were once made only by highly skilled professionals. The Atrtificial Intelligence House in the
United Kingdom recently stressed that for Al tools to gain public trust, any organization that significantly
impacts an individual’s life must provide a clear and comprehensive description of its decision-making
process. Therefore, applications can be classified as Al when they meet the definition of artificial
intelligence and produce results comparable to human intelligence. This progress has been made
possible by advances in Al, particularly in its capacity to effectively analyze external information, absorb
it, and apply it to activities in a flexible manner. achieve goals. Although Al emerged as an academic field
in the 1950s, it remained relatively undeveloped and did not receive practical attention for more than 50
years. Tambe, Cappelli, and Yakobovich’'s article, “Artificial Intelligence in Human Resource
Management,” examines the transformative impact of Al on human resources. The article, “Challenges
and a Path Forward,” examines the transformative impact of Al on human resource practices within
organizations. Human resource management is a complex field that involves tasks such as assessing
employee performance and handling important but rare events such as hiring and firing, which have
significant consequences for both employees and the organization. Al has proven valuable in specific
medical applications such as atrial fibrillation, epileptic seizures, and hypoglycemia, as well as in
histopathological analysis and diagnosis of diseases through medical imaging. This study reviews current
scientific research to illuminate the advantages, potential advances, and risks associated with established
Al applications in medical settings. Artificial intelligence is being applied to various aspects of clinical
nephrology. In this paper, our aim is not only to improve current Al methods but also to introduce a new
concept for the next generation of general-purpose cognitive technologies.

The rapid the progress of Al technology is fueled by the growing availability of data and
advancements in computing power. However, despite these advances, existing Al technologies are
confined to particular fields of expertise, such as image recognition. Many challenges still persist in Al
development. In this work, we present a next-generation Al framework, Brain Intelligence, and explore
recent algorithms for weak Al to address the limitations of current approaches. Academic computer
science is increasingly emphasizing the importance of biomedical applications, especially as
bioinformatics researchers integrate Al techniques into their work. Over the years, significant progress
has been made, especially with the growing recognition of the need to adopt standards that facilitate
better computer integration.[7] The study, creation, and use of intelligent systems are the main objectives
of the computer science discipline known as artificial intelligence (Al). systems for computing. Al-based
solutions can provide cost-effective alternatives to address civil engineering challenges, where
conventional approaches to modeling and optimizing complex systems frequently demand significant
computational power. Initially, Al research focused on single intelligent agents, but the focus has now
shifted to distributed artificial intelligence in networked environments. Researchers are increasingly
interested in solving problems through multiple intelligent agents working toward shared goals, improving
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the practical applicability and versatility of Al. In the healthcare sector, personal health data, such as
demographics, medical records, photographs, laboratory results, genetic test results, and data from
wearable sensors are increasingly being used. This shift empowers patients and highlights the need for
continued efforts to protect patient privacy and establish proper governance of data ownership.

In addition, a potential “right of explanation” requirement could limit the types of models that
developers can use, particularly in healthcare applications. Artificial intelligence Al is transforming
industries by automating tasks that were once dependent on human intelligence. Al can perform complex
scientific and engineering processes with greater efficiency and accuracy by replicating, assisting, or
enhancing human intelligence. Many business leaders are excited about Al's capabilities, aiming to
understand how it will impact their industries and how it can transform their organizations. However,
recent media portrayals have often exaggerated Al's potential. Once executives have a clear
understanding of Al’s true capabilities and limitations, the next step is to incorporate it into their business
strategies. If a machine can perform a task, they can design an automated calculator to replicate that
function. New Hampshire, is based on the hypothesis that It is suggested that learning and various facets
of intelligence can be clearly defined. To motivate developers of low-risk Al systems to voluntarily adhere
to the regulations for high-risk Al systems, the Al Act recommends the establishment of ethical codes of
conduct. Additionally, the act provides a definition for general-purpose artificial intelligence (GPAI), which
refers to models that are versatile, able to perform numerous tasks, and can be incorporated into various
downstream systems or applications. These models are trained on large datasets using self-supervision
at scale. At its most advanced, Al has the potential to relieve us from undesirable work and provide a
deeper understanding of ourselves than ever before. No other scientific field may present as many
challenges as Al. Al's ability to perform tasks involving navigation, sensing, and interacting with the
physical environment presents significant hurdles. Pursuing Al with human-like sensory and manipulation
capabilities will introduce numerous complex challenges. [15]" The White House emphasized several
policy concerns surrounding artificial intelligence (Al), noting that, like any transformative technology, Al
carries risks and presents complex challenges in areas such as employment, the economy, safety, and
regulation. Policymakers must focus on understanding the various sectors within Al technologies from the
outset, while also acknowledging the limitations in predicting future Al developments or potential crises
that may never occur.

In a computer, energy is consumed by the central processing unit, graphics processing units, and
random-access memory, whereas in the brain, energy usage from adenosine triphosphate (ATP)
molecules is associated with the widespread use of big data, sensor networks, and the Internet has
significantly transformed the information environment. This transformation, alongside the convergence of
data from physical, virtual, and human realms, has driven necessary adjustments as Al progresses, with
its scientific foundations reaching new milestones. [18] Papers that solely include abstracts or keywords
with terms like "neural network" or "neural networks" in their titles are disqualified. However, it is important
to recognize that references to terms like "artificial neural network" or "convolutional neural network"
should be interpreted as specifically referring to artificial intelligence. Therefore, the sample may include
some literature from neuroscience. As machine learning and artificial intelligence techniques continue to
advance, researchers have been investigating their potential applications in education. The primary focus
has been on enhancing the learning experience by providing support for students and streamlining
repetitive tasks for teachers. As noted, the benefits of using these technologies correctly are substantial.
If students use this technology responsibly, their academic performance could improve, and teachers
could also benefit from its capabilities. [20]

While there is already research on organizational ethics, there is still a paucity of studies focusing
on the ethical management of Al. This article aims to lay the groundwork for addressing ethical issues
related to Al and highlight areas that warrant further study. Previous research has highlighted the role of
artificial intelligence, particularly social bots, in influencing public opinion within political debates. The
negative impacts of Al extend beyond individual or organizational boundaries and have the potential to
affect society as a whole. The severity of these impacts, combined with the rapid deployment the
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deployment of Al applications and large machine learning models across different fields requires a
coordinated response. This study reexamines key notions of Information technologies are seen as
intermediaries for symbolic actions and communication. In this regard, the influence of Al on digital
practices is approached as an information systems (IS) issue. which has significant implications for how
to formulate key research questions in this field.[24] It is also employed to power chatbots, which are
interactive interfaces that enable companies to utilize their data combined with natural language
processing and machine learning to deliver a variety of information to customers automatically. John
McCarthy, who is often credited with coining the term "Atrtificial Intelligence" in 1956, defined Al as the
ability to behave in ways similar to human actions. This definition emphasizes the importance of
considering human intelligence as the benchmark for Al. In this context, intelligence refers to the capacity
for learning and discovery as well as the capacity for abstract, logical, and consistent reasoning. [27]

MATERIALS AND METHOD

Alternatives: Planning: Planning is essential for success, providing clear direction and structure to
achieve goals. It involves defining specific objectives, assessing the current situation, and identifying the
resources and actions needed to achieve the desired results. A well-designed plan reduces uncertainty
by anticipating potential challenges and developing strategies to overcome them. Planning can focus on
short-term, immediate tasks or long-term, larger aspirations. It helps ensure that efforts are aligned,
priorities are set, and resources are used efficiently. Whether individual or organizational, planning
provides the foundation for success by linking goals to actions and allowing flexibility to adapt to
unexpected changes.

Organizing: Organizing involves arranging and coordinating resources, tasks, and activities to achieve
specific objectives in an efficient manner. It includes establishing a structure that defines roles,
responsibilities, and relationships within a team or organization. By categorizing tasks and distributing
resources, organizing ensures that all aspects of a goal are addressed in a systematic way. It also
improves communication, minimizes redundant efforts, and encourages teamwork. A well-structured
organization helps individuals and teams stay focused on their roles, fosters accountability, and creates
an environment where productivity can flourish.

Directing: Directing is a leadership function centered on guiding and motivating individuals or teams to
achieve objectives. It involves offering clear instructions, encouraging open communication, and inspiring
employees to put forth their best efforts. A crucial element of directing is building trust and creating a
positive work environment that fosters creativity and collaboration. Effective leaders in this area not only
align their teams with organizational goals but also empower them to innovate and develop. Successful
directing connects planning with execution, ensuring that efforts stay focused and desired results are
attained.

Controlling: Controlling is the process of ensuring the effective implementation of plans and the
achievement of objectives. It includes monitoring performance, comparing results with set standards, and
taking corrective measures when needed. This function helps pinpoint areas for improvement, ensuring
that resources are used efficiently and goals are met on schedule. Controlling promotes accountability
and ensures consistent performance by addressing discrepancies promptly. Through continuous
assessment and strategy adjustments.

Commitment: Commitment is the steadfast dedication to reaching goals, despite challenges or setbacks.
It embodies a deep sense of responsibility, persistence, and involvement in the pursuit of success. Within
an organization, commitment motivates employees to align their efforts with the company’s mission,
creating a culture of trust, teamwork, and excellence. Strong Commitment fosters long-term success and
continuous growth by improving resilience, productivity, and morale. It acts as the cornerstone of any
successful endeavor, driving continuous effort and determination to reach the intended outcomes.

Evaluation parameter:

Management: Management is the practice of efficiently coordinating resources, people, and processes
To reach an organization's objectives, it involves planning, organizing, leading, and overseeing activities
to ensure success. that objectives are met in an effective and efficient manner. A proficient management
team sets clear goals, allocates resources wisely, and tracks progress to adjust strategies when
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necessary. Effective management creates a collaborative environment, fosters innovation, and improves
decision-making through data analysis and trend evaluation. It is crucial in aligning individual and team
efforts with the organization’s vision, driving sustainability and growth in a competitive landscape.

Money: Money is essential for the functioning, growth, and achievement of organizational goals. It is a
crucial resource used to acquire materials, compensate employees, promote products or services, and
invest in innovation. Efficient financial management ensures the proper allocation of funds, adherence to
budgets, and minimization of financial risks. Organizations must focus on generating revenue and
controlling costs to maintain profitability and stability. In personal finance, managing money involves
budgeting, saving, and investing prudently to secure financial stability and reach long-term objectives.
Effective money management is vital for sustaining operations and ensuring ongoing success.

Marketing: Marketing is the process of understanding, anticipating, and fulfilling customer needs while
creating value for It benefits both the customer and the organization. This includes activities like product
development, pricing, distribution, marketing, and market research. Effective marketing techniques help
businesses establish a connection with their target market and increase brand awareness, and cultivate
customer loyalty. In the digital era, marketing has expanded to include online platforms, social media, and
data-driven analytics, enabling companies to tailor their strategies and assess the effectiveness of their
campaigns. A well-executed marketing plan not only boosts sales but also enhances the organization’s
reputation and competitive advantage.

Manpower: Manpower, or human resources, refers to the workforce that powers an organization’s
operations and success. Skilled and motivated employees are essential for reaching organizational
objectives, as they bring expertise, creativity, and commitment to their work. Effective management of
manpower includes recruiting the right talent, providing chances for training and development and
fostering a climate at work that encourages involvement and productivity. Retaining talent is equally vital,
as experienced employees provide stability and support growth. Organizations that prioritize their
workforce and invest in their well-being tend to achieve higher performance and foster greater innovation.

Material: Materials refer to the physical resources or inputs needed to produce goods or provide
services. These include raw materials, components, tools, and supplies that are essential to the
production process. Efficient management of materials ensures that the correct quantity and quality are
available at the right time, helping to minimize waste and reduce costs. This includes procurement,
inventory control, and logistics management to optimize the supply chain and ensure smooth operations.
Organizations must also prioritize sustainability by adopting eco-friendly practices in sourcing and using
materials. Effective material management results in higher customer happiness, cost savings, and
productivity making it a key factor in operational success.

WAS PAS

The goal of this research is to create a decision support system for choosing VR HMDs by
applying the Weighted Aggregated Sum Product Assessment (WASPAS) approach. The objective is to
offer suitable alternatives and streamline leads to better customer happiness, cost savings, and enhanced
productivity, excels at determining the best alternative by prioritizing according to the assigned weights. In
the case studies performed, the method successfully identified the optimal VR HMD, providing the most
suitable option. The decision support system developed produced precise WASPAS calculations, with
results matching those obtained manually. Usability testing, evaluating factors like understandability,
learnability, operability, and attractiveness, achieved an average score of 90%, classifying it as "good."
The entropy method combined with the WASPAS technique was also used to identify suitable energy
sources for India. This process assesses the suitability of renewable energy sources by considering
environmental, technical, social, and economic factors. In the second phase, a recommendation is made
for the best renewable energy source, as determined by the WASPAS approach, to meet India's energy
requirements. The results from the WASPAS method reveal the best energy options. We start by
explaining the evaluation methodology, which includes determining the criteria weights using Shannon
entropy and ranking different energy sources based on their scores with the WASPAS method. After
assigning weights to the criteria in the first step, the WASPAS technique is applied to rank the
alternatives.
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The selection of the optimal energy source for India is achieved through an integrated model that
combines the WASPAS and Entropy techniques. The entropy method uses objective data to Establish the
weights for the criteria. The WASPAS approach then makes use of the weights. Of the which processes
the empirical data according to the assigned weights and determines the most suitable energy source for
India. The main goal is to propose a hierarchical model for identifying the optimal location in Turkey for
the first marine current energy plant. The secondary goal is to be the first study in the literature to
combine two methods (SWARA and WASPAS) in the emerging field of harnessing renewable energy
from the sea. The criteria weights were established using the SWARA approach, and the alternatives
were ranked using the WASPAS method. The suggested solution methodology's schematic diagram is
displayed in Figure 4. Both the SWARA and WASPAS methods are utilized to tackle the problem of
selecting the ideal location for a marine current energy production plant in Turkey. The evaluation process
for assessing the performance of the top teachers at SD IT Al-MunadiMarelan Medan entails assessing
every educator over a predetermined time frame using predetermined standards. Test results,
attendance, leadership, and attitude are some of these requirements. Each criterion is given a unique
value and weight using the WASPAS approach, which is based on the priorities established during the
decision-making process. Based on each participant's success in the evaluation, this method determines
the most effective teacher. To illustrate the usefulness and efficiency Sensitivity and comparison analyses
further support its validity and feasibility, demonstrating that the enhanced WASPAS technique is well-
suited for real-world applications and successfully tackles the difficulties of choosing a site for such a
power plant.

This study improves the process for calculating the aggregated WASPAS measure by
generalizing the operator within the WASPAS approach. The study presents an enhanced WASPAS
technique that includes three realistically applicable processes, taking into consideration human
expression preferences and the uncertainty they encounter. The results indicate that there are no ranking
or selection differences when utilizing completely distinct methodologies, indicating that the classical
WASPAS method cannot be categorically regarded as superior. Nonetheless, there is a clear difference
between the suggested and classical approaches in terms of ranking and selection outcomes.
Specifically, the rankings of A1 and A4 differ. While both methods follow the same procedure of
aggregating the WASPAS measure using two types of operators, the extended WASPAS method
provides a more rational selection outcome by leveraging the advantages of PA operators. Furthermore,
the integrated weight information estimation process provides additional support for the scientific
approach of selecting the extended WASPAS method. An extended WASPAS technique, which
incorporates three procedures, has been developed to improve its relevance to real-world applications.
To more accurately reflect realistic information, several adjustments have been made to the classical
WASPAS method, particularly in how objective and subjective criteria weights are integrated. The
benefits of this approach are thoroughly explored through comparison and sensitivity analyses. WASPAS
is a relatively recent method, recognized for its enhanced consistency and accuracy. The main advantage
of the fuzzy WASPAS method, which integrates the WSM and WPS models, lies in its improved accuracy.
Moreover, WASPAS is an ideal MCDM method for evaluating alternatives, as it simplifies complex
multiplication tasks and enables easier computations. Consequently, a method that combines AHP and
WASPAS is considered highly effective.

To compare the outcomes of the proposed method with existing ones, such as standard fuzzy
AHP and fuzzy WASPAS, reliability comparisons of decision-makers are used to assess the
trustworthiness of the comparisons in the matrix. However, because traditional fuzzy methods assume
decision-makers are always reliable, reliability comparisons cannot be applied in these evaluations. The
difference between the scores of the first and last alternatives in fuzzy Z-WASPAS grew as more
information was incorporated into the analysis for evaluating decision-makers. The comparison results
show that, particularly when the weights of criteria and alternatives are more similar, the differences are
more effectively identified using Z-number-based methods. Hybrid decision support systems were
developed by combining the entropy, WASPAS, and MACBETH methods. The entropy approach was
utilized to determine the priority weights of the criteria, while the ranking of alternatives was performed
using WASPAS by assigning evaluation scores. This study introduces a new integration of the WASPAS
method with DFS, designed to rank alternatives in an uncertain environment with multiple main and sub-
criteria. The criterion weights were determined using the recently developed DF AHP method. This
research is notable for being the first to apply the WASPAS method under DFS, contributing to the body
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of literature on decision-making techniques in uncertain environments. The WASPAS method, a well-
known MCDM technique, is discussed in this study. A review of the existing literature reveals that while
the WASPAS method has been extended with various fuzzy set extensions, its integration with DFS, a
newly introduced fuzzy set extension, has not been explored. Therefore, this research aims to fill this gap
by applying the extended WASPAS method with DFS. An illustrative example from the cold food supply
chain industry is provided to demonstrate its applicability in addressing industrial problems.

The differences in rankings between IF WASPAS and DF WASPAS can be attributed to the
additional information obtained by asking questions from both optimistic and pessimistic perspectives in
DFS. These varied responses provide deeper insights into the complex decision-making process,
allowing for a more comprehensive understanding of the problem being analyzed. The objective is to
enable decision-makers to use the WASPAS method as a supportive tool, without requiring programming
or mathematical expertise. The complexity of the calculation algorithms is hidden from the user, who
simply needs to input relevant information through an easy-to-use graphical interface. While applying
constraints to each criterion would be more appropriate, the primary focus of this work is to introduce a
public decision support tool based on WASPAS, including the development process and the societal
benefits derived from this research. The WASPAS method, which combines two distinct techniques in
MCDM, has been used to rank landfills for sanitary waste, showing significant accuracy compared to
other independent methods. This study aims to evaluate and assess medical waste landfills to prevent
environmental pollution by selecting suitable locations that do not harm sustainability or human health.
The proposed approach was compared with IF-SWARA-WASPAS, with results indicating that this method
more effectively accounted for uncertainty in the evaluations, providing a clearer prioritization. As a result,
decision-makers can select the best site for medical waste disposal. The SFSWARA and SFWASPAS
methods enable specialists to express their opinions more effectively, given the inherent uncertainty in
data related to medical waste landfills. Decision-makers engaged in strategic supplier selection can find
important criteria for selecting green suppliers and assessing them in regional and international supply
chains with the aid of this technique and its analysis. Lastly, a comparison with alternative approaches is
used to discuss the framework's advantages and disadvantages.

3. ANALYSIS AND DISCUSSION
TABLE1: Data Set

Management | Money | marketing | Manpower | Material
planning 31 45 31 29 36
Organizing 22 33 25 16 35
Directing 19 12 18 35 21
controlling 11 10 15 12 25
commitment 10 28 11 14 30

Table 1 presents the distribution of values across five key management functions Planning, Organizing,
Directing, Controlling, and Commitment relative to the essential resources: Management, Money,
Marketing, Manpower, and Material. For the Planning function, the highest allocation of resources is in
Money (45), followed by Material (36), indicating a strong focus on financial and material planning.
Organizing also prioritizes Money (33) and Material (35), suggesting that effective organization depends
heavily on financial and material resources. Directing, however, places the most emphasis on Manpower
(35), indicating that leading a team is crucial in this function, with a smaller focus on other resources like
Marketing and Material. Controlling is more evenly distributed, with slightly higher attention on Material
(25), reflecting the importance of resource management in controlling activities. Finally, Commitment
emphasizes Money (28) and Material (30), underlining the need for financial investment and resources to
ensure commitment to goals. This table highlights the varying resource priorities across management
functions.
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The figure 1 show data reveal several notable patterns. Money shows the highest overall values,
especially for planning (around 45) and organizing (around 32). Materials shows relatively high values
across most functions, with both planning and organizing reaching around 35. Management shows
moderate values, with a declining trend from planning (31) to controlling (10). Marketing maintains fairly
consistent moderate values across functions, while human resources show an interesting spike in
operating (35) compared to other functions. Across all dimensions, planning generally shows the highest
values, while controlling shows the lowest values. This suggests that more emphasis is placed on the
early planning stages than on the control mechanisms in these business aspects.

TABLE 2: Performance value

Performance value

planning 1.00000 | 1.00000 | 1.00000 | 0.82857 | 1.00000

organising 0.70968 | 0.73333 | 0.80645 | 0.45714 | 0.97222

Directing 0.61290 | 0.26667 | 0.58065 | 1.00000 | 0.58333

controlling 0.35484 | 0.22222 | 0.48387 | 0.34286 | 0.69444

commitment | 0.32258 | 0.62222 | 0.35484 | 0.40000 | 0.83333

The table provides data on different performance values in various management functions. Planning
consistently achieves a maximum performance value of 1.00000 across all categories, indicating a strong
and consistent emphasis on strategic goal setting and preparation. Organizing shows moderate values,
with a maximum of 0.97222 suggesting that resources are generally well organized, although there is
some room for improvement in some areas (e.g., 0.45714). With values ranging from 0.26667 to 1.00000,
the movement fluctuates more. This variation reflects varying performance in leadership and
communication, with some areas excelling while others may need more attention. Controlling provides
lower values overall, with 0.35484 being low and 0.69444 being high. This indicates that performance
monitoring and corrective actions are not always as effective as desired. Commitment also varies but
generally shows a positive trend, with values of 0.32258 and 0.83333, suggesting moderate commitment
to achieving organizational goals.

TABLE 3: weight

Weight

planning 0.20 0.20 0.20 0.20 0.20
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Organising 0.20 0.20 0.20 0.20 0.20

Directing 0.20 0.20 0.20 0.20 0.20

controlling 0.20 0.20 0.20 0.20 0.20

commitment 0.20 0.20 0.20 0.20 0.20

The table displays equal weight distributions across five managerial functions, with each function
receiving a weight of 0.20 across all categories. This uniform weighting suggests that each of the five
functions—planning, organizing, directing, controlling, and commitment—are considered equally
important in the evaluation or assessment framework. The consistent allocation of 0.20 emphasizes a
balanced approach to management, where no single function is prioritized over the others. This structure
may indicate an organizational philosophy that values each function's contribution to overall success and
recognizes the interconnectedness of these functions in achieving goals. The equal weighting allows for a
fair and comprehensive evaluation of performance, ensuring that all aspects of management receive
appropriate attention and resources.

TABLE 4: Weighted normalized decision matrix 1

Weighted normalized decision matrix

planning 0.20000 | 0.20000 | 0.20000 | 0.16571 | 0.20000

Organising | 0.14194 | 0.14667 | 0.16129 | 0.09143 | 0.19444

Directing 0.12258 | 0.05333 | 0.11613 | 0.20000 | 0.11667

controlling | 0.07097 | 0.04444 | 0.09677 | 0.06857 | 0.13889

commitment | 0.06452 | 0.12444 | 0.07097 | 0.08000 | 0.16667

The table represents a weighted normalized decision matrix1, where each management function is rated
on the basis of normalized scores, reflecting their relative importance and effectiveness on different
scales. Planning maintains the highest values, especially at 0.20000 in most categories, indicating that it
continues to play a dominant role in the decision-making process. Organizing has values ranging from
0.14194 to 0.19444, with small variations across the various ratings, highlighting a moderate but
significant contribution to overall performance. Mobility fluctuates between 0.05333 and 0.20000,
suggesting that its impact varies, with some leadership and communication excelling while others show
weak performance. Controlling shows low values, especially at 0.04444, indicating a small contribution to
the overall rating, which may suggest a lesser importance for monitoring and corrective actions.
Commitment ranges from 0.06452 to 0.16667, indicating a moderate but essential focus on commitment
and alignment with organizational goals.

TABLE 5: Weighted normalized decision matrix 2

Weighted normalized decision matrix

planning 1.00000 | 1.00000 | 1.00000 | 0.96309 | 0.89781

Organising | 0.93371 | 0.93985 | 0.95789 | 0.85509 | 0.90288

Directing 0.90673 | 0.76770 | 0.89698 | 1.00000 | 1.00000
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controlling | 0.81284 | 0.74021 | 0.86486 | 0.80728 | 0.96573

commitment | 0.79749 | 0.90947 | 0.81284 | 0.83255 | 0.93115

The table represents a weighted normal decision matrix with various types of organizational functions,
such as planning, organizing, directing, controlling, and committing. Each row corresponds to a specific
function, while the columns represent the normalized values for these functions under two different
decision criteria: "Weighted Normalized Decision Matrix" and "Weighted Normalized Decision Matrix
2."The values in the matrix represent normalized scores, indicating how each function performs relative to
the others on different criteria. For example, the planning function shows a perfect score of 1.00000 on all
criteria in the first column, while in the second column, the score for planning is slightly lower (0.96309).
On the other hand, the directing function has a score of 1.00000 for both decision metrics, indicating
strong performance compared to the other functions.This matrix can be used for decision analysis to
highlight the relative strengths and weaknesses of each organizational function relative to the selected
criteria.

TABLE 6: Preference Score 1, Preference Score 2

Preference | Preference

Score 1 Score 2

planning 0.96571 0.86467

Organising 0.73577 0.64898

Directing 0.60871 0.62439

controlling 0.41965 0.40568

commitment 0.50659 0.45704
lambda 0.5

Table 6 presents the priority scores for various organizational functions under two different scoring
systems, labeled “Priority Score 1” and “Priority Score 2.” Each function, such as planning, organizing,
directing, controlling, and committing, is assigned a score for both systems. For example, the planning
function shows a high priority score of 0.96571 in “Priority Score 1” but decreases to 0.86467 in “Priority
Score 2,” reflecting a change in how this function is valued in both systems. Organizing also
demonstrates a similar trend, with scores of 0.73577 and 0.64898, respectively, indicating a relative
decrease in preference in the second system. In contrast, the directing function shows almost equal
scores in both systems (0.60871 and 0.62439), suggesting a stable preference. The controlling and
committed functions have the lowest scores in both systems, with controlling being particularly low in both
cases. Finally, a lambda value of 0.5 indicates that the weight between the two preference scores is
evenly distributed. This table can help to assess and compare the performance of various organizational
functions under various criteria.

TABLE 7: WASPAS Coefficient

WASPAS
Coefficient

0.91519

planning
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Organising 0.69237

Directing 0.61655

controlling 0.41267

commitment 0.48182

Table7 displays the WASPAS (Weighted Sum Model and Weighted Product Model) coefficients for
various organizational functions, providing a quantitative evaluation of their relative importance. The
planning function holds the highest coefficient of 0.91519, suggesting that it is the most critical factor in
the decision-making process. This indicates that planning plays a dominant role in the organizational
framework, contributing significantly to the overall evaluation. Organizing follows with a coefficient of
0.69237, which shows it has a strong, but secondary, influence in comparison to planning. The directing
function is assigned a coefficient of 0.61655, reflecting moderate importance in the decision model.
Controlling and commitment have the lowest coefficients at 0.41267 and 0.48182, respectively, signifying
that these functions are less significant in the overall assessment. These coefficients help prioritize the
functions based on their importance, guiding decision-makers to focus on the most impactful areas for
organizational effectiveness.

1.00000

0.80000
0.60000
0.40000
0.20000

0.00000

planning Organising Directing controlling commitment

Figure 2: WASPAS Coefficient

This bar graph illustrates the relative values of five management functions: planning, organizing, directing,
controlling, and committing, measured on a scale from 0 to 1.0000. The data generally shows a
downward trend in these functions. Planning appears to have the highest value at approximately 0.90000,
indicating that it is given the most importance in the management process. This is followed by organizing
at 0.70000, and directing at 0.60000. Controlling shows the lowest value at approximately 0.40000, while
committing slightly returns to 0.50000. The graph suggests a hierarchical order of importance among
management functions, with initial planning given the highest priority, and subsequent implementation
and controlling functions gradually receiving less weight. This pattern would reflect a typical
organizational approach where more resources and attention are devoted to the planning stages, with the
focus decreasing as the functions move to the implementation and monitoring phases.

Rank
Planning 1
Organizing 2

Directing 3
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Controlling 5

Commitment 4

Table 7 provides the ranking of various organizational functions based on their evaluated importance. The
planning function is ranked first, indicating it is the most crucial function within the organization. This
suggests that effective planning is prioritized above all other functions. Organizing holds the second
position, reflecting its significant role in ensuring smooth coordination and structure within the
organization. Directing is ranked third, emphasizing its importance in guiding and motivating team
members towards achieving organizational goals. Commitment is placed fourth, showing its considerable,
but relatively lesser, influence compared to the top three functions. Controlling, ranked fifth, is considered
the least critical function in this analysis, though it still plays a role in monitoring performance and
ensuring alignment with goals. These rankings highlight the relative priority of each function, providing
insights into where the organization should focus its efforts for optimal performance and success.
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Figure 3: Rank

This bar chart shows the ranking of five management functions on a scale of 1 to 6, with lower numbers
indicating greater importance. The title of the chart is labeled "Ranking." Planning has the highest ranking
with a value of 1, which is considered the most important management function. Organizing follows with a
rank of 2, while directing occupies the third place in importance. Controlling receives the lowest priority
with a rank of 5, and commitment is in 4th place. This ranking system effectively creates a clear hierarchy
of management functions, with a logical progression from planning to the control stages. The distribution
suggests that organizations place the highest value on the early planning stages, with the importance
decreasing towards the later stages of the management process. This ranking system is consistent with
general management theory, which emphasizes the importance of proper planning as the foundation for
successful organizational management.

CONCLUSION

In conclusion, the integration of artificial intelligence (Al) into various sectors has undeniably transformed
decision-making processes, shifting responsibilities that were once exclusively handled by highly skilled
professionals. The emphasis on transparency and the need for clear explanations of Al's decision-making
processes, as highlighted by the Artificial Intelligence House of Lords, is crucial to earning public trust in
these technologies. The definition of Al has evolved as systems increasingly mimic human intelligence,
processing external data and adapting based on learned information. Despite its academic roots in the
1950s, Al has experienced significant advancements, positioning it as an essential tool in modern
decision-making. Similarly, in the realm of management, the ranking of functions such as planning,
organizing, directing, controlling, and commitment further reflects the importance of a structured,
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hierarchical approach to organizational effectiveness. Both Al integration and management ranking
systems highlight the importance of careful planning, adaptability, and transparency in achieving success
in complex environments.
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The MOORA Method for Analysing Al Implementation in Medical Settings:
Performance, Feasibility and Expert-Level Evaluators

The research analyses six key components: learning approach, data collection, collaboration,
sampling, subsets, and data labels across three dimensions: Technical reliability, expert-level
competence, and practical clinical performance. Using normalized data and weighted decision matrices,
the study provides a comprehensive assessment of the contribution of each component to medical Al
applications. The MOORA analysis shows that learning approach ranks highest with an evaluation value
of 0.1788, followed by collaboration (0.0924) and data collection (0.0603), while subsets rank lowest (-
0.0038). The findings highlight a significant gap between technical feasibility and real-world clinical
performance across several components. Although equal weighting (0.25) was assigned to ensure an
unbiased assessment, the analysis demonstrates varying levels of performance across different
implementation aspects. The study also identifies areas that need improvement, particularly in modelling
and data labelling, which ranked fourth and fifth, respectively. These findings provide valuable insights for
healthcare organizations and developers in prioritizing resources and efforts when implementing Al
solutions. The research concludes that successful integration of Al in medicine requires a balanced
approach between technical capabilities and practical clinical applications, emphasizing the importance of
robust learning methods and effective data management strategies. This comprehensive assessment
provides a structured framework for understanding and improving Al implementation in healthcare
settings.

Keywords: Medical Performance, Technological Feasibility, Machine Learning, Healthcare
Systems, Data Collection, Expert-Level Performance, Decision Matrix and Medical Diagnosis.
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INTRODUCTION

Artificial intelligence is a rapidly growing field of technology dedicated to researching and
developing theories, methods, techniques, and application frameworks that aim to replicate, improve, and
extend human intelligence using computer systems. The concept of Al was first proposed in 1950 by Alan
Turing, often referred to as the "father of artificial intelligence[1]. Al devices benefit patients by
accelerating the diagnosis of pathological conditions and providing accurate predictions of future adverse
events. This enables timely interventions and supports informed healthcare decisions, leading to
improved outcomes. For clinicians, Al devices improve efficiency by identifying or predicting pathologies
with greater accuracy and speed than human judgment.The project outlines proposed standards that aim
to reduce methodological bias, ensure transparency, update methodologies, and track real-world
performance. In 2021, the International Alliance of Pharmaceutical Regulatory Authorities published
comparable guidance. The documents also provide a framework for Al software applications to be
patented when defined as a specific method or process [2]. Artificial intelligence (Al) is increasingly taking
on tasks once reserved for humans, such as driving cars and performing complex medical procedures.
Moreover, Al is now surpassing human performance in these fields.We can observe the data that goes
into an Al system and the results it produces. While we generally understand how these systems work,
often through deep neural networks, we often lack insight into why did an Al system make a certain
decision?Reached a particular diagnosis, or took a particular action in a particular situation [3].
Incorporating Al into clinical decision-making tools should avoid creating electronic health record
integrations that trigger excessive pop-up alerts. It should not be tied to Government-mandated quality
programs that affect Medicare funding that is a tool for administrators to enforce compliance by
threatening to replace doctors with applications that blindly follow instructions.

Al and algorithms have the potential to help doctors, but this must be achieved without disrupting
the patient-doctor relationship. Imagine an effective Al system seamlessly embedded in electronic health
records to improve a doctor’s workflow. Similar examples can be found in everyday life, such as predictive
text in emails or facial recognition in photos [4]. It emphasizes the development of sophisticated
algorithms and software that can recognize language and text, analyse data, learn, and solve problems.
By analysing complex data and identifying recurring patterns, Al-based technologies can make decisions
independently without direct human input.With the advancement of this field, various types of Al have
been developed [5]. Address medical challenges. They often have the clinical expertise needed to assess
the feasibility of proposed solutions. Therefore, articles submitted to medical journals should focus on
research that aims to solve practical medical problems, and should present the findings in a clear and
accessible way for clinicians and biomedical researchers [6]. Humans alone have outgrown their ability to
analyse such data, leading to an increased reliance on machines.

As a result, the need for human involvement in healthcare delivery will be greater than ever, while
at the same time, there is an urgent need for algorithms to help. Health and computer scientists eager to
advance have said that Al can help solve all of these problems. While that may eventually be true,
researchers are still in the early stages of using neural networks to address the limitations of medical
practice[7]. While the number of scientific publications on deep learning methods applied to clinical
problems in medical imaging and laboratory settings is rapidly growing, clinical trials evaluating medical Al
systems have only recently begun to gain popularity [8]. The essence of medical practice is to collect
comprehensive information about a patient and make informed decisions based on their health status and
available data. As healthcare shifts towards digital health, disruptive technologies are increasingly
providing advanced tools to medical professionals and patients [9]. Machine learning, a branch of Al, is
dedicated to creating computer programs that can recognize patterns within complex data sets and make
intelligent predictions without direct human programming. These systems improve with exposure to more
data, improving their problem-solving abilities and helping them extract insights from data that are beyond
human ability [10]. Al applications in medicine are improving both the quality of patient care and the
efficiency of clinical workflows, while helping healthcare professional’s analyses large datasets. In
pharmacy settings, Al has demonstrated its ability to analyse and extract essential information from
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medical records, while streamlining access to relevant patient data[11]. Data on accurate diagnoses are
often found in Medical records within specialized hospitals or their departments. To implement the
learning algorithm, it is sufficient to enter Recording in a computer program with the patient's known
correct diagnoses. Although this is somewhat simplified, in theory, It is possible to automatically extract
medical diagnostic knowledge from past case descriptions. The resulting classifier can help doctors
diagnose new patients or be used to train students or non-medical professionals in diagnosing patients
with specific diagnostic challenges, ultimately improving the speed, accuracy, and reliability of diagnoses
[12]. GAI models have gained interest for their ability to deal with complex factual queries and perform a
variety of tasks, including writing articles, writing poetry, conducting literature reviews, and adjusting
content to suit different contexts or perspectives through operations such as translating, summarizing, or
expanding texts[13]. Al is making significant contributions to omit studies across all organisms. The use of
Al is becoming increasingly widespread in genomic, transcriptomic, proteomic, metabolic, epigenetic, and
multi-omits research in animals, plants, and microorganisms [14]. One factor contributing to delayed
diagnoses is the rapidly increasing demand for ASD assessments, which has exceeded the capacity of
specialists and led to long wait times. In the United States, ASD diagnostic practices are currently
fragmented, relying primarily on a small team of paediatric subspecialists and team-based behavioural
assessments [15].

MATERIALS AND METHOD

Learning approach: Learning approaches refer to the strategies and methods that individuals
use to acquire, process, and retain knowledge. These include techniques such as active learning,
problem-solving, collaboration, and critical thinking. Different learning styles, such as visual, auditory, or
kinaesthetic, also affect how people engage with materials and understand concepts.

Data collection:Methods include surveys, interviews, observations, experiments, or using
existing databases. Ensuring accurate data collection is crucial to maintaining the validity and reliability of
results in research, decision-making, or analysis.

Cohort: In research, cohorts are often studied over time to analyse patterns or outcomes such as
health behaviours, education, or demographics. Cohort studies help track changes and establish
relationships between variables.

Sampling: The aim is to collect representative data without examining the entire population.
Sampling techniques such as random, stratified, or convenience sampling affect the accuracy and
generalizability of results.

Subsets: A subgroup is a small group or part of a larger set. In statistics and research,
subgroups are used to focus on specific characteristics or variables within a population. They help
analyse patterns, test hypotheses, and draw conclusions about the broader group without examining
every individual.

Data labels: Data labels are descriptive tags or identifiers assigned to data points in a dataset,
chart, or graph. They provide context, clarify meanings, and help explain data by specifying variables,
categories, or units. Data labels improve understanding and communication, especially in visualizations,
by making information more accessible and meaningful.

Component: A component is an individual part or element that contributes to a larger system or
structure. In various contexts, it refers to a distinct unit within a system, for example a machine, software,
or system. Components work together to achieve a common goal, each performing a specific role or
function.
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Technical Feasibility: Technical feasibility involves assessing whether a project or solution can
be implemented effectively using existing technology, resources, and expertise. It assesses the
practicality of technical aspects, including infrastructure, tools, and processes, to determine whether the
proposed system or solution can be effectively built, deployed, and maintained.

Expert-Level Performance: Expert level performance refers to the highest level of proficiency in
a specific field, demonstrated by advanced skills, deep knowledge, and exceptional problem-solving
abilities. Experts consistently produce high-quality results, use cutting-edge techniques, and provide
innovative solutions. This level of performance is achieved through extensive experience, training, and
continuous learning.

Real-World Clinical Performance: Real-world clinical performance refers to the application of
clinical knowledge and skills in practical, everyday healthcare settings. It focuses on assessing how
effectively healthcare professionals manage patient care, deliver treatments, and achieve positive health
outcomes in real-life clinical environments, considering diverse patient populations and varying
circumstances.

MOORA Method

Introducing weights introduces subjectivity. To avoid this problem, an internal machine solution
such as MOORA, which uses a ratio system to generate dimensionless numbers, is desirable. If all
stakeholders involved reach a consensus, the selection and prioritization of objectives is not subjective.
This principle is used in various counties of Lithuania [16]. Although a large number of multi-objective
decision-making methods are available to address various evaluation and selection challenges, this paper
investigates the performance of a new MODM approach: The method is found to be simple and
computationally efficient, this helps decision makers eliminate irrelevant alternatives and select the most
appropriate option, thereby improving existing selection processes. [17]. Although there are many multi-
objective decision-making methods to address various evaluation and selection challenges, This paper
investigates the applicability of a new MODM approach, multi-objective optimization using ratio analysis,
to optimize various welding parameters [18]. The MOORA system is a decision support tool designed to
assist in selecting students for scholarships aimed at improving academic performance. This system can
address various challenges in decision-making processes. Through the decision support system
implemented in this college, decision-makers can effectively determine scholarship recipients based on
student merit, thereby promoting academic achievement [19]. Similarly, the literature suggests that
maintenance systems can be evaluated using multi-criteria decision analysis. Ultimately, the aim of this
paper is to assist maintenance managers in making informed decisions about machine maintenance and
to develop an effective maintenance strategy aimed at reducing failures and operating costs [20].

The decision-making process using the MOORA method is considered one of the most effective
decision support systems as it evaluates employee capabilities based on predefined weights and criteria.
[21]. It should be noted that the traditional MOORA method is useful in determining the evaluations and
rankings of alternatives in straightforward, uncomplicated situations. However, it has limitations in
addressing the ambiguity and qualitative information inherent in MCDM problems [22]. The second
section explains the MACBETH method, the third section introduces the MULTI-MOORA method. Finally,
the fifth section discusses the application results and provides recommendations for future research [23].
Considering the challenges, there is a need to develop a decision support system that facilitates the
process of identifying top performing teachers. The output of the system produces a ranking of top
performing teachers [24]. The MOORA method is a tool that helps make better decisions based on
rankings, supporting management in identifying the best employees. It is also used to solve problems
involving complex mathematical calculations, allowing the selection of the best alternative among the
available options. Other researchers have also agreed that the MOORA method is a valid and effective
approach to decision making [25]. MOORA is a recently introduced MCDM method that uses a statistical
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approach to select the best alternative from a set of proposed options. In this context, Powers et al. use
the MOORA method to rank maintenance contractors based on their performance from both the customer
and contractor perspectives [26]. This paper examines the applicability of the MCDM approach MOORA
to address various selection challenges in a supply chain context. It discusses three illustrative examples,
including warehouse location selection and vendor/supplier selection [27]. The MOORA method is
advantageous because it requires fewer calculations, is more comprehensive and robust, and enables
handling multiple criteria simultaneously[28]. We evaluated the above-mentioned private special
education and rehabilitation centres and ranked three different centres based on various criteria. The
application of the MOORA method to selecting a special education and rehabilitation centre has not been
explored in the literature. [29].

ANALYSIS AND DISCUSSION

TABLE 1. Artificial intelligence in medicine

) Real-World
Technical | Expert-Level .
Component o Clinical
Feasibility | Performance
Performance
Learning
8.20 9.10 4.26 8.41
approach
Data
, 7.50 2.60 8.91 9.75
collection
Cohort 6.90 5.20 7.65 6.82
Sampling 0.50 4.23 4.23 0.44
Subsets 3.10 8.11 44.20 0.87
Data labels | 4.2 9.4 36.2 1.97

Table 1 summarizes the performance of Al in medicine, which is assessed using the MOORA
method on several components: learning approach, data collection, aggregation, sampling, subsets, and
data labels. Technical feasibility, expert-level performance, and real-world clinical performance are
assessed with corresponding numerical values for each component. For example, the learning approach
shows high feasibility (8.20) and expert-level performance (9.10), but its real-world clinical application is
less effective (4.26). Conversely, data collection, despite its low technical feasibility (7.50), is more
effective in real-world situations (9.75).
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FIGURE 1Atrtificial intelligence in medicine

Figure 1 presents a comparative analysis of Al in medicine using the MOORA method, which
evaluates various components in terms of technical feasibility, expert-level performance, and real-world
clinical performance. Key factors, such as learning approach, data collection, aggregation, sampling,
subsets, and data labels, show significant variation in their impact, with data collection and subsets
standing out for their varying performance across scenarios. This highlights the complexity and
challenges of translating Al models from theoretical feasibility to practical clinical use.

TABLE 2. Normalized Data

) Real-World
Technical | Expert-Level .
Component o Clinical
Feasibility | Performance
Performance
Learning
approach | 0.5819 0.5356 0.0727 0.5707
Data
collection | 0.5322 0.1530 0.1520 0.6617
Cohort 0.4896 0.3061 0.1305 0.4628
Sampling | 0.0355 0.2490 0.0721 0.0299
Subsets | 0.2200 0.4774 0.7538 0.0590
Data
labels 0.2980 0.5533 0.6174 0.1337

Table 2 shows the normalized data in medicine using the MOORA method, evaluating components such
as learning approach, data collection, clustering, sampling, subsets, and data labels. For example,
subsets exhibit the highest normalized value in real-world clinical performance (0.7538), emphasizing
their importance in practical applications. In contrast, sampling has relatively low values across all criteria,
indicating minimal influence. The learning approach and data labels demonstrate balanced contributions,
indicating their important role in achieving robust Al performance in clinical contexts under various
circumstances.
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Figure 2 presents normalized data for Al in medicine using the MOORA method, highlighting the
performance variations between components. The subsets exhibit the highest value (0.7538) for real-
world clinical performance, underscoring their practical importance. In contrast, modelling consistently
shows low values, indicating limited influence. The learning approach and data labels demonstrate
balanced contributions overall.

TABLE 3. Weightages

Weight

0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25

Table 3 outlines the weights assigned to components in the MOORA method for evaluating Al in
medicine. Each component learning approach, data collection, clustering, sampling, subsets, and data
labels are given an equal weight of 0.25 across technical feasibility, expert-level performance, and real-
world clinical performance. This even distribution reflects a balanced evaluation framework, ensuring that
no single factor disproportionately influences the evaluation. By assigning equal importance, the MOORA
method emphasizes an unbiased and comprehensive approach to analysing Al performance across
multiple metrics, promoting a more complete understanding of its capabilities and limitations in clinical
applications.

Xwnormall = an X W1(2)
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TABLE 4. Weighted Normalized Decision Matrix

Weighted normalized decision matrix

Learning

approach 0.1455 0.1339 0.0182 0.1427
Data

collection 0.1330 0.0383 0.0380 0.1654
Cohort 0.1224 0.0765 0.0326 0.1157
Sampling 0.0089 0.0622 0.0180 0.0075
Subsets 0.0550 0.1193 0.1885 0.0148
Data labels 0.0745 0.1383 0.1543 0.0334

Table 4 presents the weighted normalized decision matrix obtained using the MOORA method for
evaluating Al in medicine. The weights emphasize the relative importance of components such as
learning approach, data collection, aggregation, sampling, subsets, and data labels across technical
feasibility, expert-level performance, and real-world clinical performance. Notably, subsets achieve the
highest weighted value in real-world clinical performance (0.1885), indicating their important role in
practical applications. Data collection also stands out for its strong contribution (0.1654). In contrast,
sampling consistently exhibits low weighted values, reflecting its limited impact. This matrix underscores
the varying importance of each component in Al evaluation.

Weighted normalized decision
matrix

0.3000

Learning Data Cohort Sampling Subsets Data labels
approach collection

| Weighted normalized decision matrix ™ Weighted normalized decision matrix

Weighted normalized decision mafrix =~ Weighted normalized decision matrix

FIGURE 3. Weighted normalized decision matrix

Figure 3 illustrates the weighted normalized decision matrix using the MOORA method for Al
evaluation in medicine. Subgroups show the highest weighted value for real-world clinical performance
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(0.1885), while data collection also contributes significantly (0.1654). The modelling shows minimal
impact, highlighting the variations in component influence on the evaluation criteria.

TABLE 5. MOORA Analysis and Result

Assessment value Rank
Learning approach | 0.1788 1
Data collection 0.0603 3
Cohort 0.0924 2
Sampling 0.0418 4
Subsets -0.0038 6
Data labels 0.0251 5

Table 5 shows the MOORA method for evaluating various aspects of the analysis. The evaluation
values and associated rankings reveal that the learning approach has the highest ranking with a value of
0.1788, followed by cohort at 0.0924 and data collection at 0.0603. Modelling is in fourth place with a
value of 0.0418, while data labels are at 0.0251. The subgroup category has the lowest ranking, with a
score of -0.0038. These rankings provide a clear prioritization of components, guiding resource allocation
and strategic focus based on their contribution to the analytical framework.

Assesmentvalue = Y. X,,, +Xwn —Xwns (3).

Assesment value

Learning approach

Data labels . Data collection

Subsets Cohort

Sampling

FIGURE 4. Assessment value

Figure 4 presents the evaluation values obtained using the MOORA method. Learning approach
ranks highest at 0.1788, followed by cohort (0.0924) and data collection (0.0603). Model (0.0418) and
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data labels (0.0251) rank fourth and fifth, respectively, while subgroups have the lowest value at -0.0038,
indicating minimal contribution.

Learning Data Cohort Sampling Subsets Data labels
approach collection

FIGURE 5. Shown the Rank

Figure 5 illustrates the rankings determined using the MOORA method. The learning approach
receives the first rank (1), followed by cohort (2) and data collection (3). Modelling takes fourth place,
while data labels take fifth place. The subgroups with the lowest rank (6) contribute the least to the
evaluation framework.

CONCLUSION

An analysis of artificial intelligence in medicine using the MOORA method has revealed several
significant insights into the relative importance and performance of various components in healthcare
applications. The MOORA analysis demonstrates that learning approach emerged as the most important
component, ranking first with an evaluation value of 0.1788. This indicates that the method used for Al
learning in medical applications is fundamental to its success. The second most important component is
cohort (0.0924), followed by data collection (0.0603), highlighting the importance of proper patient
grouping and systematic data collection in medical Al applications.In particular, the analysis revealed
some interesting differences between technical feasibility and real-world performance. While some
components showed high technical potential, their real-world clinical performance was relatively low,
indicating a gap between theoretical potential and practical implementation. This was particularly evident
in the subset of components that ranked last (-0.0038), despite showing strong expert-level performance
on normalized data.The truncated normalized decision matrix provided valuable insights into the balanced
contribution of different components, with each factor assigned equal weights (0.25), ensuring an
unbiased evaluation. This approach helped identify where some components excelled in one area, but
improvements in others may be needed to achieve optimal overall performance.The findings suggest that
future advances in medical Al should prioritize improving the learning approach while maintaining robust
ensemble selection and data collection practices. The relatively low rankings of the model (4th) and data
labels (5th) indicate areas that could benefit from additional attention and refinement in future
implementations.This comprehensive assessment using the MOORA methodology provides a structured
framework for understanding the complex interactions between different components of Al in medicine. It
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provides valuable guidance for healthcare organizations and developers in prioritizing resources and
efforts when implementing Al solutions. These results emphasize the importance of balancing technical
capabilities with practical clinical applications, indicating that successful implementation of Al in medicine
requires careful consideration of the theoretical and practical aspects of each component.These insights
will serve as a foundation for improving the integration of Al into healthcare systems, leading to more
effective and efficient clinical applications that better serve both healthcare providers and patients.
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Analyzing Supply Chain Efficiency in HAL's Avionics Division Using SPSS: A
Statistical Exploration

Introduction: Artificial intelligence (Al) encompasses a variety of technologies that enable
computers to perform complex tasks, including recognizing, understanding, and translating spoken and
written language, analyzing data, making recommendations, and more.

Research Signification: The importance of this study lies in this exploring the multifaceted role
of artificial intelligence (Al) in shaping contemporary and future technological landscapes. The paper
explores the complexities of the definition of Al, its ethical considerations, and its transformative impact in
diverse fields such as military, healthcare, and innovation.

Research Methodology: Alternatives: City government, Residents, Environmental groups, TPG,
Technology providers. Evaluation parameters: Acceptance, Technological Feasibility, Regulatory
Compliance, Economic Impact.

Result: The results Residents achieved the highest rank, while Technology providers the lowest
rank being attained.

Conclusion: Artificial intelligence according to the GRA, demonstrates that Residents achieves
the highest ranking.

Keywords: Artificial Intelligence (Al), Autonomous Systems, GRA method, MADM (Multi-Attribute
Decision Making), Optimization.
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INTRODUCTION

The debate, which involves multiple dimensions and stakeholders, centers on whether Al-
equipped machines should be allowed to perform military tasks, especially when human lives are at
stake. Given the complexity of this issue, a clear operational definition the concept of Al is very important.
Although there is no widely accepted definition, even among experts in computer science and
engineering, a common description of Al refers to the ability of a computer system to perform tasks that
typically require human intelligence, such as visual perception, speech recognition, and decision-making.
However, this definition oversimplifies the concept, as what qualifies as intelligent behavior remains a
matter of debate. For example, a home thermostat could be considered intelligent under this definition
because it senses and regulates temperature. This is very different from the Al used in autonomous
weapons such as unmanned aerial vehicles (UAVs), which can identify and attack targets without
significant human supervision—a scenario often assumed in discussions of autonomous weapons
systems.[2] The advancement of artificial intelligence introduces significant and complex questions for
technologists, humanity, and sentient beings. Chief among these is determining what values — or whose
values — Al systems should embody. A perspective rooted in utilitarianism advocates designing Al
technologies to maximize happiness for the largest number of people or sentient beings over time.
Another approach, inspired by Kantian philosophy, argues that Al should be guided by universally
applicable principles, such as fairness or goodness. Another perspective emphasizes the importance of
human agency and decision-making in driving Al. In essence, artificial intelligence involves creating
artificial agents that perceive their surroundings and make decisions to improve the likelihood of achieving
specific goals. Within this framework, “machine learning” refers to the set of statistical and algorithmic
methods used to train models to perform intelligent actions. When implemented on sufficiently advanced
hardware, these methods enable models to learn from experience or from both labeled and unlabeled
data, often without relying on explicit programming instructions.[3]

The rapid advancement the impact of artificial intelligence is significant for both the economy and
society. These advances it has the potential to change the production processes and characteristics of
various types of products and services. with long-term consequences for productivity, employment and
competitiveness. However, beyond these immediate impacts, Al also holds the promise of transforming
the innovation process itself — a process that may, if not be as influential over time, be more so. Take, for
example, Atomy, a startup that uses neural networks to identify potential drug candidates and pesticides.
The company says its deep convolution neural networks can significantly outperform traditional “docking”
algorithms in predicting the biological activity of candidate molecules. [4]Deep learning (DL) has recently
become a powerful Al technique to tackle the challenge of extracting meaningful insights from large,
unstructured datasets. After achieving significant success in computer vision, DL has expanded its
applications to a variety of fields, including wireless communication, human-computer interaction, gaming,
and finance. NVIDIA’s Deep Learning Super Sampling (DLSS), introduced a few years ago, and is a
unique innovation. This technology uses DL and other Al algorithms to improve frame rates while
preserving sharp, high-quality game visuals, offering significant potential for elevating the visual
experience in the met averse. Al has also been used to refine game balance in a number of online
multiplayer games by repeatedly training supervised learning models.

This iterative process allows designers and game-testers to create an engaging virtual-reality
world that is not only immersive but also creates a met averse that is as rich and dynamic as the real
world. [5] The following section of this paper provides a brief summary of the key areas of artificial
intelligence, providing readers with insight into the broad range of topics encompassed by the field. In
addition, another section Provides a comprehensive review of the literature organized around the primary
categories of artificial intelligence. The review highlights several important questions with significant
research implications for those interested in advancing Al studies. Successfully addressing these
questions will help address some of the long-standing technical and non-technical challenges that have
persisted over the past decade and continue to this day.[6] For a computer program to function For a
system to act intelligently in the real world, it must have a general representation of the world in order to
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interpret its inputs effectively. Designing such a system involves making fundamental decisions about the
nature of knowledge and its acquisition. As a result, many traditional philosophical problems converge
with the challenges of artificial intelligence. In particular, the creation of an intelligent program involves
guiding decision-making by logically reasoning that a particular strategy will help achieve its goal. This
process requires the formalization of key concepts central to philosophical logic, such as reason, ability,
and knowledge.

The first part of this paper takes a philosophical approach that naturally arises when one
considers in depth the development of an intelligent machine.It examines adequate representations of the
metaphysical and epistemological world, followed by an explanation of the concepts of can, reasons, and
knowing that can be designed through an interactive automated system. In addition, this paper proposes
a Resolution to the philosophical problem of free will a deterministic universe and provides an approach
to understanding counterfactual conditional statements. [7] Recent advances in machine learning (ML)
have the potential to create Al systems that are capable of perceiving, learning, making decisions, and
acting autonomously. However, these systems currently lack the ability to explain their decisions and
actions to human users. This limitation is particularly important in the security domain, where there is a
pressing need for intelligent, highly autonomous, and cooperative systems. To effectively deploy these
systems, explainable Al is essential, enabling users to appropriately understand, trust, and manage Al
partners. In response to this need, DARPA launched the Explainable Atrtificial Intelligence (XAl) program
in May 2017. As defined by DARPA, explainable Al refers to systems that can inform human users of
their reasoning, highlight their strengths and weaknesses, and predict their future behavior. . “Explainable
Al” (as opposed to alternatives such as understandable or transparent Al) underscores DARPA’s focus
on creating Al systems that provide meaningful and actionable explanations to enhance human
understanding. [8] Artificial intelligence technologies have advanced significantly due to improvements in
computer processing power and the extensive collection of big data. However, the capabilities of existing
Al systems are limited to specific cognitive tasks such as image recognition, speech recognition, and
conversational responses.

While these systems mimic some of the cognitive functions although inspired by the human brain,
they have limited alternatives and do not reflect the full range of human brain functions. In particular, Al
cannot perform full brain functions such as self-awareness, self-understanding, self-control, and self-
motivation. [9] An alternative way to understand Al is to focus on the research and technology behind it,
rather than the problems it can or cannot solve. Although Al is often classified as A branch of computer
science it is, in fact, a multidisciplinary field. It combines elements from various fields such as statistics,
linguistics, robotics, electrical engineering, mathematics, neuroscience, economics, logic, and
philosophy.At a more comprehensive level, Al encompasses a set of Technologies developed through
research in academia and the private sector has fueled the emergence of Al. As a result, to gain a deeper
understanding of Al, it is necessary to examine the underlying technologies that enable it. [10] Differences
in fundamental aspects such as architecture, Differences in speed, connectivity, scalability, and energy
consumption lead to unique qualities and limitations when comparing humans and artificial
intelligence.For example, our reaction times to simple stimuli are significantly slower — Humans are
thousands of times slower than artificial systems. Computer systems, on the other hand, can be easily
connected, allowing them to function as part of an integrated network. This means that Al systems do not
have to be treated as isolated entities that can face difficulties to cooperate or misunderstand each other.
When two Al systems collaborate on a task, the chance of errors due to miscommunication is much lower
(for example, in autonomous vehicles approaching an intersection). [11] Advances in Artificial intelligence
(Al) algorithms, with greater access to training data, enable Al to improve or perform certain tasks that
doctors currently perform. Despite this, interest in integrating Al into healthcare among various
stakeholders has not led to widespread adoption. According to many experts, one of the main reasons for
this slow adoption is the lack of transparency in some Al algorithms, especially those considered “black
box” models. Clinical medicine, which is largely evidence-based, relies on clear and transparent decision-
making processes. Without clinically interpretable Al models, or if doctors cannot justify their decisions,
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patient trust in the healthcare provider may decline. To address the transparency issue, interpretable Al
models have been developed. [12] A major focus of the goal of artificial intelligence research is to create
adaptive Al that can perform a wide range of tasks to the adaptiveUnlike most current Al methods, which
are designed for specific, narrowly defined tasks, learning systems in humans and other animals act as
inspiration.

As researchers strive to create highly adaptive Al, known as artificial general intelligence (AGI),
they are trying to bridge this gap there is a growing demand for tools that enable versatile
experimentation across a variety of tasks.[13] Modern artificial intelligence (Al) and robotics have the
ability to mimic human intelligence, enabling them to perform tasks of reasoning, learning, problem-
solving, and decision-making. Al software or programs embedded in robots, computers, or related
systems must have cognitive capabilities. However, many current Al and robotic systems are still in
development, as further research is needed to understand how they solve tasks. As a result, Al machines
or systems can perform tasks accurately and without errors. Furthermore, robots can perform various
functions independently, without human supervision or assistance.

Today's Al technologies, such as autonomous vehicles, are showing improved performance, from
traffic control and speed control to fully self-driving cars, and Al systems like SIRI are showing rapid
advances in this field. [14]This research paper needs to clarify the definition of "artificial intelligence."
Some Al researchers define it as any system that emulates human intelligence in any form to be "artificial
intelligence," while others believe that only programs that imitate human thought processes qualify as Al.
Additionally, some experts in the information systems field classify many "artificial intelligence" projects as
sophisticated information systems. [15] The brain is a complex system known for its ability to learn and
perform complex calculations that are critical to cognitive behavior, such as perception, cognition, and
motor control. For years, scientists have been trying to replicate these capabilities in artificial intelligence
(Al) systems. Until recently, when Al applications began to have a significant impact on many areas of
daily life, these efforts had limited success. Machine learning algorithms are now excelling at tasks such
as object and speech recognition, and have even mastered games such as chess and go, sometimes
outperforming humans. Al systems have the potential to make even more of a difference, including
advances in medical diagnostics, discovering new treatments for diseases, making scientific
breakthroughs, predicting financial markets and geopolitical developments, and finding valuable patterns
in various types of data.

1. MATERIALS AND METHOD

Alternatives: City government: The administration of a city, town, or county. Cities, towns, and
counties function as subdivisions within a state. In other words, local government functions under the
authority of the state and federal governments.

Residents: A resident is an individual who lives in a specific location or is a medical practitioner
who treats patients in a hospital under the guidance of experienced physicians.

Environmental Groups: Environmentalism is often considered a social movement that involves
a group of individuals sharing a common ideology and working together to accomplish specific goals. In
general, environmentalists aim to advocate for the protection and preservation of the environment.

TPG: The paper version of the Cotton TCX colors in the Pantone Fashion, Home + Interiors
collection was changed from TPX to TPG in 2016. The change was made because Pantone had to prove
to European Union governments that banned chemicals had been removed from the coating process.

Technology Providers: A technology provider is a company or person that offers technology
products and services to businesses and consumers. These offerings include hardware, software,
consulting, and support services.
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Evaluation Parameters:

Acceptance: The state of being approved or accepted: consent. Acceptance of responsibility. In
legal terms, this refers to agreeing, either explicitly or through actions, to the offer or action of another
party, thereby finalizing an agreement and making the parties legally obligated.

Technological Feasibility: Technical A feasibility and cost analysis assesses the financial
feasibility of a process or technology, helping to determine which technologies is most suitable. are most
likely to achieve economic success.

Regulatory Compliance: Regulatory compliance refers to compliance with laws, regulations,
standards, and other guidelines established by governments and regulatory authorities. It is an important
aspect of business operations, as organizations must adhere to specific legal requirements in order to
continue their operations.

Economic Impact: Costs related to compliance with regulations for businesses, including costs
for equipment, materials, labor, and administrative tasks.

The coefficient of variation (§) is a key parameter in Deng's GRA model, although its importance
is often overlooked by researchers. Many studies in the literature assume the value of ¢ to be 0.5 without
providing a justification for this choice. It is generally assumed that ¢ is equal to 0.5, although the reason
behind this assumption is not universally established. The definition of Deng's GRA model itself implies
that ¢ lies within the range (0, 1), which implies that ¢ is a dynamic parameter rather than a fixed one.
Furthermore, some scholars argue that variations in £ do not affect the final ranking of factors or
alternatives determined by the GRA model, which further complicates the matter. [17] The better the user
needs (often subjective) are met, the more favorable the outcome will be, and the opposite will be true.
Due to the significant difference between the criteria for evaluating user perceptions and the objective
measurements obtained from the products, TOPSIS and its extension methods cannot be directly used to
generate subjective user-defined product rankings. However, KE provides a possible approach to
processing criteria in user-based evaluations, which allows TOPSIS and its extensions to adapt the
processed criteria for subjective product evaluation. In addition, since user perception involves
uncertainty, methods such as GRA-TOPSIS may also play a role. [18] An effective approach for
classifying and monitoring bearing errors is introduced.

The proposed model for bearing signal classification consists of two primary stages. In the first
stage, features are extracted, and in the second stage, these features are classified using a Gray
Relationship Analysis (GRA) model. During feature extraction, statistical features are determined by
analyzing the neighbors of each value within their one-dimensional vibration signals. Once the 1D-LBP
signals are obtained, statistical features are extracted from them and then classified using a GRA model.
[19] This study uses GRA, TOPSIS, and MOORA methods to evaluate the financial performance of 13
agricultural companies and identify the best stocks listed on the Vietnamese stock market from 2016 to
2019. The AHP method is used to assign weights to financial ratios, while GRA, TOPSIS, and MOORA
are used to rank the alternatives in this case study. The proposed model simplifies the financial
performance evaluation process, and Spearman's rank correlation test confirms that there are no
significant differences between the rankings generated by the three methods. This distinguishes the study
from previous research in this field.[20]Traditional GRA methods face difficulties in addressing intuitively
fuzzy MADM problems when the weight information is incomplete. A major challenge lies in deriving
attribute weights from both intuitively fuzzy data and partially known weight information, which is
fundamental to traditional GRA methods and warrants further study. This paper aims to improve the GRA
framework by introducing an algorithm to deal with MADM problems with intuitively fuzzy data, where
attribute weights are incomplete and attribute values are represented as intuitively fuzzy numbers. The
paper is structured as follows: The next section provides a brief overview of the main concepts related to
intuitively fuzzy sets.[21] To solve MCDM problems, we propose an extended fuzzy GRA method in which
the criterion values are expressed as linguistic variables using interval-valued triangular fuzzy numbers,
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and the criterion weights are not specified. Optimization models, based on the basic principles of
traditional GRA, are developed to determine these weights. The computational steps of the extended
GRA method for MCDM with interval-valued triangular fuzzy estimates are then detailed, which enables
the ranking of alternatives and the selection of the most optimal option. [22]This paper focuses on
deriving attribute weights from spherical linguistic fuzzy information provided by the traditional GRA
method and from completely unknown attribute weight data - an important issue that requires attention.
This paper aims to improve the GRA method to solve MADM problems in a spherical linguistic fuzzy
environment where the attribute weight information is incomplete and the attribute values are expressed
as spherical linguistic fuzzy numbers. [23]

This study assesses the innovation performance of the BRICS countries by using an integrated
approach that combines the CRITIC and GRA methods. In practice, the innovation performance of the
five BRICS countries is assessed based on eight criteria. The first stage involves determining the
importance of each criterion using the CRITIC method, while the second stage ranks the countries based
on their innovation performance using the GRA method. [24] The main objective of this study is to
investigate the GRG and GRA optimization methods to improve the performance of SMMD in washing
machines. The proposed optimization technique effectively predicts the optimal design parameters that
require low MR fluid and low power consumption, leading to improved performance of SMMD damper.
[25]The aim of this study was to model the USM process for Ti alloy using artificial neural networks and
simultaneously optimize the response variables of MRR and TWR to achieve optimal machine
performance. This was accomplished by using the GRA method with weight generation by entropy
measurement, considering selected process parameters related to machine, tool and slurry. To the
authors’ knowledge, this approach for USM of titanium has not been previously reported in the literature.
In addition, cryogenic treatment of both tool and workpiece is included in the process parameters. [26] As
a result, the EW-GRA-TOPSIS model was developed to evaluate the environmental quality of the port
sea area by integrating the EW, GRA and TOPSIS methods. Initially, the EW method is used to
objectively determine the weight of each evaluation indicator.

Then, the GRA and TOPSIS methods are combined to form a new evaluation approach that
calculates the relative proximity. This helps to rank the environmental quality status of each station in the
port sea area based on their relative proximity. Finally, the environmental quality status of each station is
classified according to the evaluation quality standard. [27]The GRA-based PCA approach, which
reduces a large number of correlated variables into fewer, unrelated principal components, highlights the
need for further research to achieve accuracy that meets the highest industry standards. Although this
method provides a useful solution to address uncertain, multi-input, and discrete data problems, there is a
gap in comprehensive reviews regarding the mechanical properties of graphene-based
composites.[28]This approach focuses on analyzing the relationships between behavior, posture, and
boundaries in systems with incomplete operational mechanisms, insufficient behavioral data, and
treatment experience, identifying underlying problems. Unlike traditional mathematical analysis, GRA
provides a simple method for examining continuous relationships or system behavior even with limited
information. In Gray theory, GRA is a technique used to assess the influence of different factors and their
interactions within a Gray system. [29] The EDM process parameters for Ni-based superalloy (Inconel-
718) have been optimized using a combination of GRA (Gray Relational Analysis) method and Taguchi
method. 12 Amps IP, 400 ms Ton and 10,400 ms TAF are the optimal parameters for the responses
including Material Removal Rate (MRR), Electrode Wire Rate (EWR), Machining Time and Form
Tolerance (such as Squareness and Flatness).

With an effort to achieve the maximum MRR and minimum form tolerance, the optimal solutions
for the output responses were calculated. The results are verified by actual experiments, confirming their
effectiveness. The experimental findings have demonstrated significant improvements in the process. As
a result, the Gray Relational Approach simplifies the optimization process by converting multiple response
variables into a single response standard through normalization. [30] When the influence of parameters
such as Ip and Ton on the surface integrity of AISI D2 tool steel is investigated, showing that the EDM
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machining process becomes more stable with improved machining performance. RSM-based modeling
and optimization were used to identify the optimal machining parameters. A similar study on the surface
integrity of the same material was recently carried out in conjunction with GRA using RSM as a multi-
objective optimization technique. The successful application of the GRA method led to an increase in
MRR and a decrease in TWR. PCA-based optimization provides better results than constrained
optimization and multi-response S/N ratio methods because it effectively addresses the correlation
between multiple responses.

3. Analysis and Discussion

TABLE 1. Artificial Intelligence

Technological | Regulatory | Economic
Acceptance Feasibility Compliance Impact
City government 85 75 70 60
Residents 80 85 65 55
Environmental
groups 90 95 90 70
TPG 88 80 75 65
Technology
providers 78 90 85 75

Table 1 presents the perspectives of various stakeholders on the adoption of artificial intelligence
(Al) across four factors: acceptance, technical feasibility, regulatory compliance, and economic impact.
The city government expresses strong support for Al (85 on acceptance), but concerns about technical
feasibility (75) and regulatory compliance (70), with significantly lower economic impact scores (60). This
suggests that while the city recognizes the potential of Al, they are wary of its technical implementation
and its economic impacts, due to budgetary or resource concerns. Residents generally show positive
views, with a strong acceptance score of 80 and a technical feasibility score of 85. However, their low
ratings for regulatory compliance (65) and economic impact (55) reflect concerns about the legal
frameworks surrounding Al and the potential financial burden it may impose. Environmental groups are
more supportive, with very high ratings for technical feasibility (95) and regulatory compliance (90). This
suggests that they see Al as a tool that aligns well with environmental goals and existing laws. However,
their economic impact score (70) indicates moderate concern about the financial costs or economic
consequences of Al deployment. TPG, while showing strong acceptance (88), shows more caution about
the regulatory and economic aspects of Al (65 for economic impact and 75 for regulatory compliance).
Technology providers are confident in the technical feasibility of Al (90) and regulatory compliance (85),
although they share concerns about its economic impact (75), perhaps focusing on the costs associated
with widespread adoption.
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FIGURE 1. Artificial Intelligence

The data in Figure 1 reveals varied stakeholder perspectives on Atrtificial Intelligence (Al) across
four factors. The City Government shows strong acceptance (85), but concerns about Al's technological
feasibility (75), regulatory compliance (70), and economic impact (60). Residents are supportive (80) but
worry about regulatory and financial issues, with lower scores in these areas. Environmental groups are
highly supportive (90) and confident in Al's feasibility (95) and compliance (90), though they express
moderate concern about economic impacts (70). TPG's acceptance (88) is high, but they share concerns
about regulatory (75) and economic challenges (65). Technology providers show confidence in Al's
feasibility (90) and compliance (85), but also express concern about economic impact (75).

Table 2.Normalized Data

Normalized Data
Technological Regulatory Economic

Acceptance | Feasibility Compliance Impact
City government 0.5833 0.0000 0.8000 0.7500
Residents 0.1667 0.5000 1.0000 1.0000
Environmental
groups 1.0000 1.0000 0.0000 0.2500
TPG 0.8333 0.2500 0.6000 0.5000
Technology
providers 0.0000 0.7500 0.2000 0.0000

Table 2 presents normalized data for stakeholder perspectives on four factors: acceptance,
technical feasibility, regulatory compliance, and economic impact of artificial intelligence (Al). The city
government scored moderately on acceptance (0.5833) and regulatory compliance (0.8000). However,
their technical feasibility (0.0000) and economic impact (0.7500) scores are very low, suggesting that they
are skeptical about the practicality of Al or have concerns about its financial implications. Residents show
low acceptance (0.1667), reflecting limited support for Al. However, they are relatively optimistic about its
technical feasibility (0.5000) and regulatory compliance (1.0000), indicating confidence in the reliability
and legal relevance of the technology. Their highest score is on economic impact (1.0000), indicating
significant concerns about the financial implications of Al. Environmental groups express strong support
for Al, with perfect scores for acceptance (1.0000) and technical feasibility (1.0000). However, they are
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less concerned about regulatory compliance (0.0000) and economic impact (0.2500), suggesting that
their focus is primarily on environmental benefits rather than financial or legal challenges. TPG has strong
acceptance (0.8333) but expresses more caution about the economic impact (0.5000) and regulatory
compliance (0.6000) of Al, reflecting a balanced approach. Technology providers are least supportive in
terms of acceptance (0.0000) and economic impact (0.0000), but show confidence in technical feasibility
(0.7500) and regulatory compliance (0.2000). Their low acceptance scores indicate concerns about the
broader implications of Al.

Table 3. Deviation sequence

Deviation sequence
Technological Regulatory Economic
Acceptance Feasibility Compliance Impact
City government 0.4167 1.0000 0.2000 0.2500
Residents 0.8333 0.5000 0.0000 0.0000
Environmental
groups 0.0000 0.0000 1.0000 0.7500
TPG 0.1667 0.7500 0.4000 0.5000
Technology
providers 1.0000 0.2500 0.8000 1.0000

Table 3 presents the deviation rank data, showing the differences in stakeholders’ perspectives
on four factors — acceptance, technical feasibility, regulatory compliance, and economic impact — after
normalization. The rank highlights the relative deviations from each stakeholder’s initial views on these
factors. The city government shows a significant deviation on technical feasibility (1.0000), indicating a
stark contrast between their initial and normalized views, with their concerns about the potential of Al
being more pronounced in the raw data. Their deviation scores for acceptance (0.4167) and economic
impact (0.2500) are also significant, indicating modest changes in their perspectives after normalization.
Residents show a large deviation on acceptance (0.8333), reflecting a strong change in their view of Al
after normalization. Their deviation scores for economic impact and regulatory compliance are lower
(0.0000), indicating that their perspectives have largely remained unchanged after normalization.
Environmental groups have the lowest deviation for adoption and technical feasibility (0.0000), indicating
consistently strong support in these areas. However, they have a significant deviation for economic
impact (0.7500), emphasizing the financial risks associated with increased default Al. TPG’s deviation
scores are moderate, with the most significant change in economic impact (0.5000). Technology
providers show the highest deviation for adoption (1.0000) and economic impact (1.0000), indicating a
significant difference between their initial views and their normalized perspectives, especially based on
financial considerations.

Table 4. Grey relation coefficient

Grey relation coefficient

Technological Regulatory Economic
Acceptance Feasibility Compliance Impact
City government 0.5455 0.3333 0.7143 0.6667
Residents 0.3750 0.5000 1.0000 1.0000
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Environmental
groups 1.0000 1.0000 0.3333 0.4000
TPG 0.7500 0.4000 0.5556 0.5000
Technology
providers 0.3333 0.6667 0.3846 0.3333

Table 4 presents Gray correlation coefficient (GRC) values, which reflect the strength of the
relationship between each stakeholder’'s perspectives and four key factors — acceptance, technical
feasibility, regulatory compliance, and economic impact — of artificial intelligence (Al). The city
government has moderate Gray correlation coefficients, scoring high on economic impact (0.6667),
indicating that their concerns about the financial implications of Al have a strong relationship with their
opinions. Their lowest GRC is for technical feasibility (0.3333), suggesting a weak alignment in their view
of the practicality of Al compared to the other factors. Residents show a strong relationship on regulatory
compliance and economic impact (both 1.0000), indicating that these factors are central to their opinions
of Al. Their low GRC acceptance (0.3750) reflects a more cautious stance toward Al overall, although
they emphasize legal and financial considerations. Environmental groups show strong GRCs on
Acceptance and Technical Feasibility (both 1.0000), highlighting their strong support and confidence in
the potential of Al. However, their GRCs for Economic Impact (0.4000) and Regulatory Compliance
(0.3333) are lower, indicating less alignment with financial and regulatory concerns. TPG’s GRCs show a
balanced perspective, with moderate scores across all factors, particularly Acceptance (0.7500) and
Economic Impact (0.5000), reflecting a pragmatic approach. Technology providers have the lowest GRC
for Acceptance (0.3333), suggesting less strong alignment in their views, while their high score for
Technical Feasibility (0.6667) indicates confidence in the technical viability of Al.

TABLE 5. GRG
GRG
City government 0.5649
Residents 0.7188
Environmental groups 0.6833
TPG 0.5514
Technology providers 0.4295

Table 5 presents the Gray Relationship Grade (GRG) values, which provide an overall
assessment of each stakeholder’s relationship with the four factors related to artificial intelligence (Al):
acceptance, technical feasibility, regulatory compliance, and economic impact. The GRG scores reflect
how strongly each stakeholder aligns with the different factors considered in the analysis. The city
government has a GRG of 0.5649, indicating moderate overall alignment with the factors influencing their
perspective on Al. This suggests that while the city government shows some support, their opinions are
more cautious and balanced across various dimensions, particularly due to concerns about economic and
regulatory factors. Residents have a high GRG of 0.7188, reflecting a strong overall alignment with the
factors. Their greater concern with regulatory and economic aspects, coupled with a more favorable view
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of technological feasibility, results in higher scores, indicating that they prioritize these elements when
considering Al adoption. Environmental groups have a GRG of 0.6833, indicating significant alignment
with Al factors, particularly in terms of acceptance and technical feasibility. However, their lower concern
for economic and regulatory impacts contributes to a slightly lower score compared to residents. TPG’s
GRG of 0.5514 suggests a moderate overall alignment, with a more balanced view that includes a
cautious approach to economic and regulatory considerations. Technology providers have a lower GRG
of 0.4295, indicating weak overall alignment. Their focus on technical feasibility and regulatory
compliance, with less emphasis on economic impact and acceptance, results in a lower overall score.
This suggests a more reserved view of Al, driven primarily by technical and regulatory concerns.
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FIGURE 2. GRG

Figure 2 presents the Gray Relationship Grade (GRG) values, summarizing stakeholders’ overall
alignment with four key factors in artificial intelligence (Al): acceptance, technical feasibility, regulatory
compliance, and economic impact. The city government has a moderate GRG of 0.5649, indicating a
balanced but cautious stance on Al adoption. Residents show a strong alignment (0.7188), reflecting their
emphasis on regulatory and economic factors. Environmental groups follow closely with a GRG of
0.6833, indicating strong support for Al, particularly in terms of technical feasibility and acceptance.
TPG’s GRG (0.5514) reflects a moderate but pragmatic perspective. Technology providers have a low
GRG (0.4295), indicating a weak overall alignment, with a focus on technical and regulatory aspects over
economic and acceptance concerns.

Table 6. Rank
Rank
City government 3
Residents 1
Environmental groups 2
TPG 4
Technology providers 5
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Table 6 presents the ranking of stakeholders based on their overall Gray Relation Grade (GRG)
value from Figure 2, which reflects their alignment with factors influencing artificial intelligence (Al)
adoption. Residents rank first (1) with the highest GRG of 0.7188. This indicates that residents have a
strong overall alignment with Al-related factors, particularly regulatory compliance and economic impact,
indicating their significant concern with the legal and financial aspects of Al implementation.
Environmental groups rank second (2) with a GRG of 0.6833. This suggests that while they show strong
support for Al, particularly in terms of technical feasibility and acceptance, their low alignment with
economic and regulatory factors results in a slightly lower ranking than residents. City government ranks
third (3) with a GRG of 0.5649, reflecting moderate alignment. While they show some support for Al, their
concerns about technical feasibility, economic impact, and regulatory compliance result in a more
cautious overall outlook. TPG ranks fourth (4) with a GRG of 0.5514. While they maintain a balanced
approach, their overall alignment with the factors is low, indicating more cautious views on the economic
and regulatory aspects of Al. Technology providers rank fifth (5) with a low GRG of 0.4295, reflecting a
weaker overall alignment with Al. This is due to their focus on technical and regulatory concerns over
adoption, particularly economic and acceptance issues.
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FIGURE 3 . Rank

Figure 3 presents the ranking of stakeholders based on their overall alignment with factors
influencing artificial intelligence (Al) adoption, as indicated by their Gray Relationship Grade (GRG)
values. Residents rank first (1) with a high GRG (0.7188), reflecting their strong alignment with regulatory
and economic considerations. Environmental groups follow in second place (2) with a GRG of 0.6833,
indicating significant support for Al, particularly in terms of technical feasibility and acceptance. City
government ranks third (3) with a moderate GRG of 0.5649, indicating a more cautious view. TPG ranks
fourth (4), and technology providers rank fifth (5) with a low GRG of 0.4295, indicating a more reserved
stance.

4. CONCLUTION

Artificial intelligence (Al) and its potential integration into various fields, especially military
operations, reveal the profound impact this technology can have on humanity. While Al holds great
promise, offering advances in fields ranging from healthcare and education to security and entertainment,
its ethical implications remain a significant concern. Al’'s decision-making processes, especially in life-
and-death situations such as military applications, require careful scrutiny. The challenge lies not only in
the development of Al, but also in ensuring that these systems are transparent, explainable, and aligned
with human values. The diverse perspectives on Al — from its useful benefits to concerns about the loss of
human agency — further complicate this debate. Al systems, currently limited to specialized tasks such as
image or speech recognition, are expected to evolve into highly flexible, general-purpose systems



www.sciforce.org

capable of performing a wide range of tasks, including those requiring moral judgment and empathy.
However, this raises questions about accountability, trust, and the potential for Al to make decisions that
conflict with human ethical frameworks. Furthermore, the integration of Al into fields such as healthcare
and military operations raises concerns about bias, lack of transparency, and the inability of current
systems to fully understand their results. At the same time, Al's potential to revolutionize industries such
as drug development, finance, and gaming highlights its transformative potential. Advances in machine
learning and deep learning are already reshaping the fields by enabling systems to process vast amounts
of data, predict outcomes, and improve complex processes. However, as Al technology continues to
evolve, it is increasingly important to address the philosophical, legal, and moral questions surrounding its
use. From the limitations of current Al systems to the ethical issues associated with autonomous decision-
making, the path forward must include rigorous safeguards to ensure that Al delivers the greatest benefits
while preserving human dignity and agency. Ultimately, Al has the potential to deliver unprecedented
benefits, but only if it is developed responsibly, with careful consideration of ethical, philosophical, and
societal implications. It is not enough for Al to simply replicate human knowledge or behavior; It must
embody the values and principles that define our shared humanity. As Al continues to advance, its
integration into society must be guided by transparency, accountability, and respect for human rights.The
resultsResidentsachieved the highest rank, whileTechnology providersthe lowest rank being attained.

REFERENCES

1. Cummings, Missy. Artificial intelligence and the future of warfare. London: Chatham House for the
Royal Institute of International Affairs, 2017.

2. Gabriel, lason. "Artificial intelligence, values, and alignment." Minds and machines 30, no. 3
(2020): 411-437.

3. Cockburn, lain M., Rebecca Henderson, and Scott Stern. The impact of artificial intelligence on
innovation. Vol. 24449. Cambridge, MA, USA: National bureau of economic research, 2018.

4. Huynh-The, Thien, Quoc-Viet Pham, Xuan-Qui Pham, ThanhThi Nguyen, Zhu Han, and Dong-
Seong Kim. "Artificial intelligence for the metaverse: A survey." Engineering Applications of
Artificial Intelligence 117 (2023): 105581.

5. Oke, Sunday Ayoola. "A literature review on artificial intelligence." International journal of
information and management sciences 19, no. 4 (2008): 535-570.

6. McCarthy, John, and Patrick J. Hayes. "Some philosophical problems from the standpoint of
artificial intelligence." In Readings in artificial intelligence, pp. 431-450. Morgan Kaufmann, 1981.

7. DW, Gunning D. Aha. "DARPA’s explainable artificial intelligence program." Al Mag 40, no. 2
(2019): 44.

8. Lu, Huimin, Yujie Li, Min Chen, Hyoungseop Kim, and Seiichi Serikawa. "Brain intelligence: go
beyond artificial intelligence." Mobile Networks and Applications 23 (2018): 368-375.

9. Surden, Harry. "Artificial intelligence and law: An overview." Georgia State University Law
Review 35, no. 4 (2019).

10. Korteling, JE (Hans, Gilian C. van de Boer-Visschedijk, Romy AM Blankendaal, Rudy C.
Boonekamp, and Aletta R. Eikelboom. "Human-versus artificial intelligence." Frontiers in artificial
intelligence 4 (2021): 622364.

11. Reddy, Sandeep. "Explainability and artificial intelligence in medicine." The Lancet Digital
Health 4, no. 4 (2022): e214-e215.

12. Johnson, Matthew, Katja Hofmann, Tim Hutton, and David Bignell. "The Malmo Platform for
Artificial Intelligence Experimentation.” In ljcai, vol. 16, pp. 4246-4247. 2016.

13. Shabbir, Jahanzaib, and TariqueAnwer. "Artificial intelligence and its role in near future." arXiv
preprint arXiv:1804.01396 (2018).

14. Kingston, John KC. "Artificial intelligence and legal liability." In Research and Development in
Intelligent Systems XXXIII: Incorporating Applications and Innovations in Intelligent Systems XXIV
33, pp. 269-279. Springer International Publishing, 2016.



www.sciforce.org

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

Sinz, Fabian H., XaqPitkow, Jacob Reimer, Matthias Bethge, and Andreas S. Tolias.
"Engineering a less artificial intelligence." Neuron 103, no. 6 (2019): 967-979.

Mahmoudi, Amin, Saad Ahmed Javed, Sifeng Liu, and Xiaopeng Deng. "Distinguishing coefficient
driven sensitivity analysis of GRA model for intelligent decisions: application in project
management." Technological and Economic Development of Economy 26, no. 3 (2020): 621-641.
Quan, Huafeng, Shaobo Li, Hongjing Wei, and Jianjun Hu. "Personalized product evaluation
based on GRA-TOPSIS and Kansei engineering." Symmetry 11, no. 7 (2019): 867.

Kuncan, Melih. "An intelligent approach for bearing fault diagnosis: combination of 1D-LBP and
GRA." leee Access 8 (2020): 137517-137529.

Nguyen, Phi-Hung, Jung-Fa Tsai, Venkata Ajay KUMAR G, and Yi-Chung Hu. "Stock investment
of agriculture companies in the Vietnam stock exchange market: An AHP integrated with GRA-
TOPSIS-MOORA approaches." The Journal of Asian Finance, Economics and Business 7, no. 7
(2020): 113-121.

Wei, Gui-Wu. "GRA method for multiple attribute decision making with incomplete weight
information in intuitionistic fuzzy setting." Knowledge-Based Systems 23, no. 3 (2010): 243-247.
Zhang, Shi-fang, San-yang Liu, and Ren-he Zhai. "An extended GRA method for MCDM with
interval-valued triangular fuzzy assessments and unknown weights." Computers & Industrial
Engineering 61, no. 4 (2011): 1336-1341.

Ashraf, Shahzaib, Saleem Abdullah, and TahirMahmood. "GRA method based on spherical
linguistic fuzzy Choquet integral environment and its application in multi-attribute decision-making
problems." Mathematical Sciences 12 (2018): 263-275.

Baki, Rahmi. "Comparison of Innovation Performances of BRICS Countries through CRITIC and
GRA Methods." Gaziantep University Journal of Social Sciences 23, no. 4 (2024): 1561-1570.
Patel, Dipal M., Ramesh V. Upadhyay, and D. V. Bhatt. "Design and optimization of shear mode
MR damper using GRG and GRA methods: experimental validation." Sadhana 46 (2021): 1-17.
Dhuria, Gaurav Kumar, Rupinder Singh, and Ajay Batish. "Application of a hybrid Taguchi-
entropy weight-based GRA method to optimize and neural network approach to predict the
machining responses in ultrasonic machining of Ti—6Al-4V." Journal of the Brazilian Society of
Mechanical Sciences and Engineering 39 (2017): 2619-2634.

Lang, Kun, LijunGu, Zhiying Chen, ChunhuiNiu, Lin Li, and Jinyuan Ma. "Ecological Quality
Status Evaluation of Port Sea Areas Based on EW-GRA-TOPSIS Model." Sustainability 15, no.
11 (2023): 8809.

Kavimani, V., K. SooryaPrakash, Titus Thankachan, S. Nagaraja, A. K. Jeevanantham, and Jithin
P. Jhon. "WEDM parameter optimization for silicon@ r-GO/magneisum composite using taguchi
based GRA coupled PCA." Silicon 12 (2020): 1161-1175.

Cheng, Zhe, Niaoging Hu, and Xiaofei Zhang. "Crack level estimation approach for planetary
gearbox based on simulation signal and GRA." Journal of Sound and Vibration 331, no. 26
(2012): 5853-5863.

Kumar, Sandeep, and S. Dhanabalan. "Form tolerance analysis and multi-parametric optimization
of meso deep square hole EDMed on Inconel-718 plate using GRA method." Grey Systems:
Theory and Application 11, no. 4 (2021): 664-680.

Gangil, Manish, and M. K. Pradhan. "Optimization of machining parameters of EDM for
performance characteristics using RSM and GRA." J. Mech. Eng. Biomech 2, no. 4 (2018): 27-
33.



Sciforce Publications
www.sciforce.org

Evaluating Machine Learning Models with COPRAS A
Comprehensive Approach to Artificial Intelligence Decision-
Making

Authors& Editors
Mr. Sushil Prabhu Prabhakaran

Correspondence
Full Stack Lead, Tata Consultancy Services, TX, USA

Published By
Sciforce
Publications
January 27, 2025



www.sciforce.org

Evaluating Machine Learning Models with COPRAS: A Comprehensive
Approach to Artificial Intelligence Decision-Making

Artificial Intelligence (Al) serves as a key driver of contemporary innovation, facilitating data-
driven decision-making across various sectors. This research evaluates the performance of five machine
learning algorithms, including Random Forest, J48,JRIP, RIDOR, and PART—using the procedure known
as COPRAS stands for Complex Proportional Assessment. With this multi-criteria method of making
decisions, the study emphasizes the comparative efficiency of these models based on their performance
metrics. Research Significance: The research seeks to determine the most effective algorithm for tasks
demanding high accuracy and reliability, catering to the pressing need for optimized Al solutions in fields
such as healthcare, finance, and logistics. Methodology: The COPRAS method is employed to evaluate
the algorithms, utilizing normalized data, weighted decision matrices, and ranking procedures for a
thorough assessment. Alternative: The evaluation focuses on J48, Random Forest, JRIP, RIDOR, and
PART, showcasing a variety of machine learning techniques. Evaluation Parameters: Performance is
evaluated using critical metrics, including The rates are False Positive Rate (FPR) and False Negative
Rate (FNR).True Negative (TNR), and True Positive (TPR). Result: Random Forest proves to be the most
balanced and dependable model, achieving high TPR and effectively reducing FPR and FNR, whereas
PART exhibits notable strengths in certain individual metrics.

Keywords: Atrtificial Intelligence, COPRAS, Machine Learning, J48, RIDOR, PART, Random
Forest, JRIP, Performance Evaluation.
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INTRODUCTION

Into daily life is quickly becoming indispensable, influencing a wide range of decisions once
reserved for highly skilled professionals. The United Kingdom’s House of Lords Committee on Artificial
Intelligence recently emphasized that, to gain public trust, Al systems with the capacity to profoundly
impact a person's life must offer transparent and thorough explanations of their decision-making
processes. As a result, Al applications can be defined as systems that generate outcomes comparable to
human intelligence, aligning with the core definition of artificial intelligence.[3]. This progress has been
driven by advancements "a system's ability to accurately interpret external data, learn from it, and apply
that knowledge to accomplish specific objectives and tasks with adaptive flexibility." Although artificial
intelligence (Al) was first recognized as a field of study in the 1950s, it was mostly unknown and received
little practical attention for more than five decades. Tambe, Cappelli, and Yakubovich's paper, "Atrtificial
Intelligence in Human Resources Management: Challenges and a Path Forward," investigates the
revolutionary potential of Al in reshaping human resource functions within organizations. HR
management is inherently complex, encompassing tasks like assessing employee performance and
handling infrequent yet critical events such as hiring and dismissals, which have significant consequences
for both employees and the organization.

Similarly, artificial intelligence has demonstrated its value in specific clinical applications,
including detecting atrial fibrillation, epileptic seizures, and hypoglycemia, as well as diagnosing diseases
through histopathological analysis and medical imaging. By reviewing current scientific research, this
study aims to highlight the benefits, potential advancements, and risks associated with established Al
applications in clinical contexts. Focusing on their impact on doctors, healthcare institutions, medical
education, and bioethical concerns, various aspects of clinical nephrology have integrated artificial
intelligence. In this paper, our aim is not just to advance current knowledge but to expand the concept of
next-generation Al by introducing a new idea for general-purpose cognitive technologies. The growing
accessibility of Al technology has accelerated its growth of big data and advancements in computational
power. However, despite these strides, existing technologies are still confined to specific domains, such
as image recognition. Many challenges in Al remain unresolved. In this work, we present Brain
Intelligence, a next-generation intelligence architecture, by examining the latest weak Al algorithms
designed to overcome the limitations of current Al systems. [6] Biomedical applications have increasingly
become a key focus within academic computer science, especially among faculty in bioinformatics, many
of whom integrate artificial intelligence techniques into their research. Over the years, there has been
notable progress in this field, particularly with the growing acknowledgment of the need to adopt
standards that enable system integration.

The study, creation, and use of artificial intelligence are the main application of intelligent
computing systems. While Al-based solutions can offer cost-effective ways to address civil engineering
problems, conventional techniques for complex system modeling and optimization often demand
substantial computational resources. Research in artificial intelligence, once focused on a single
intelligent agent, has evolved toward exploring distributed artificial intelligence in networked
environments. Researchers now concentrate not only on solving distributed problems with a common
goal but also on addressing challenges using multiple intelligent agents, enhancing the practicality and
applicability of Al. Personal health data, such as demographics, medical notes, images, lab results,
genetic test outcomes, and recordings from wearable sensors or medical devices, is crucial in the
healthcare sector.

This shift empowers patients and underscores the importance of continuing efforts to protect
patient privacy and establish proper governance over data ownership. Additionally, the potential "right to
explanation" could limit the types of models that developers can use for health-related purposes. [10]
Artificial intelligence (Al) is transforming a number of industries by managing tasks that have historically
required human intelligence. Al improves complex scientific and engineering processes by simulating,
supporting, or augmenting human intelligence with greater efficiency and accuracy. Many executives are
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curious about Al's capabilities, seeking to understand how it will disrupt their industries and how they can
use it to transform their businesses. However, the media has recently presented an inflated view of Al's
potential. Once executives understand Al's true capabilities and limitations, the next step is to incorporate
it into their business strategies. If a machine can perform a task, an automatic calculator can be created
to replicate its function. Atrtificial intelligence research began in. According to the study's concept, learning
and all other facets of intelligence may be precisely defined such that it would be possible to train a
computer to replicate them. [13] The Al Act recommends that vendors of low-risk Al systems voluntarily
abide by the rules created for Al systems that pose a high danger. The act also includes a definition of
general-purpose artificial intelligence (GPAI), which refers to models that exhibit significant adaptability,
the potential for integration into other downstream systems or applications, as well as the capacity to
carry out a broad range of tasks.

These models are trained on large datasets using self-supervision at scale. At its best, artificial
intelligence has the potential to free us from undesirable labor and provide the most in-depth
understanding of ourselves ever. Few sciences present as many challenges as Al does. Al could handle
tasks that require navigation, sensing, and interacting with a real environment, though these activities
present significant difficulties. Developing Al with sensing and manipulation abilities similar to those of
humans would introduce numerous complex challenges. [15The White House highlighted several policy
concerns regarding artificial intelligence, noting that, like any transformative technology, Al presents risks
and complex challenges in areas such as jobs, the economy, safety, and regulation. Policymakers should
prioritize gaining a thorough understanding of the various sectors within Al technologies from the outset,
while also acknowledging the limitations of our ability to predict future advancements or potential crises
that may never occur. In a computer, energy is used by the central processing unit, graphical processing
units, and random-access memory. In the brain, the energy consumption linked to adenosine
triphosphate molecules is connected to the movement of K+ and Na+ ions across cell membranes during
neural spikes. [17] The information environment has undergone a significant transformation with the
widespread use of the Internet, sensor networks, big data, the information community, and the
convergence of data from physical locations, cyberspace, and human civilization. This transformation has
led to critical adjustments as artificial intelligence (Al) progresses, with new breakthroughs emerging in its
scientific foundations. All papers that only included the abstract or keywords with terms like "neural
network" or "neural networks" in the title were disqualified.

However, it is important to note that writings using phrases. Therefore, the sample may include
some neuroscience literature. [19] With machine learning and artificial intelligence techniques reaching a
level of maturity, researchers have started exploring their potential applications in education. As
mentioned before, there are substantial advantages to appropriate use. Students' performance may
increase if they use this technology sensibly, and teachers may gain from its potential as well. While there
is existing research on organizational ethics, studies specifically focused on the ethical management of Al
are limited. This article aims to lay the groundwork for exploring ethical issues related to Al and to identify
potential areas for future research. Previous studies have highlighted the influence of artificial intelligence,
particularly social bots, in shaping public opinion within political discussions. [21] The harmful effects of Al
extend beyond individuals or organizations, potentially affecting society as a whole.

The scale of the damage, along with the rapid deployment of Al applications or large machine
learning models across various industries, calls for a coordinated response. This exploration revisits
foundational concepts about information technologies as facilitators of symbolic action and
communication. Additionally, Al powers chatbot [26] the ability to perform actions akin to human behavior.
The significance of utilizing human intelligence as the benchmark for Al is emphasized by this definition.
According to this definition, intelligence includes the potential for learning and discovery as well as the
ability to reason abstractly, logically, and consistently.

This article explores the wide range of artificial intelligence techniques, frameworks, and
programming languages developed by humans, which can be used alongside modern computational
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systems. These developments contribute to progress in the fields of electronics and quantum mechanics.
It is possible that an advanced form of "theoretical" cognition, where mirror neuron foci farther removed
from immediate sensory-motor neurons are no longer directly connected, may have emerged or evolved
through this process. Similarly, the development and exploration of Al could benefit from this shift in
perspective. Given its rapid deployment, a close match is considered acceptable. Caltech's graduate-level
course provides in-depth knowledge on artificial intelligence and machine learning, covering the latest
techniques and software in the field. Many researchers in artificial intelligence and neuroscience have
made the oversimplified assumption that axiomatic algorithms can effectively represent both Al and brain
function. It was believed that no distinct algorithm could be compared to this traditional approach.
Additionally, there is an underlying assumption that both artificial intelligence and the human brain can be
reduced to simple axiomatized algorithms and models. Within Al, three factors have been identified as
contributing to such challenges.

First, technological limitations: Currently, it is not feasible to store enough data to make expert
systems widely applicable. Second, these systems lack what are known as deep models of the problem
domains in which they operate. [29] It is possible that a more advanced form of "theoretical" cognition, in
which mirror neuron foci farther from immediate sensory-motor input neurons become disconnected, may
have emerged or evolved through this process. Similarly, the development and exploration of artificial
intelligence could benefit from this shift in perspective. The rapid expansion of axonal and synaptic
connections within the "hall of mirror neuron" group highlights the need for the development of quantum
computers. This article provides an in-depth discussion of both the brain and artificial intelligence. [30].

MATERIALS AND METHOD

Alternatives: J48 is an implementation of the C4.5 decision tree algorithm designed for
classification tasks. It constructs a decision tree by splitting data based on attribute values and evaluates
these splits using metrics like information gain or gain ratio. J48 can process both categorical and
numerical data, and it incorporates pruning to avoid overfitting. The resulting decision tree is interpretable
and can be transformed into rules. It is commonly used in fields such as healthcare and finance for
classification problems where interpretability is essential. Random Forest: Random Forest is an
ensemble learning method that builds multiple decision trees during the training process and merges their
results to address regression or classification problems. Overfitting is reduced by averaging predictions
from various trees and performs well with large and high-dimensional datasets. Random Forest is highly
resilient to noise and missing values, making it ideal for applications like fraud detection, customer
segmentation, and bioinformatics.

One of its main advantages is its ability to rank feature importance, helping to identify the most
significant variables in the dataset.JRIP: JRIP is an acronym for Java. Rules are the basis of the
categorization technique, Repeated Incremental Pruning to Produce Error Reduction (RIPPER) is a
method that uses incremental pruning to improve accuracy by reducing errors in the classification
process. technique. method in Java. It generates and prunes classification rules iteratively to optimize
accuracy and reduce errors, resulting in a compact and interpretable rule set. JRIP is effective at handling
noisy data and produces a concise rule set, making it suitable for applications such as healthcare
diagnostics, marketing segmentation, and financial decision-making. Its simplicity and interpretability are
key strengths, particularly in scenarios where human understanding of the model is crucial. RIDOR:
RIDOR (Ripple Down Rule learner) is a rule-based algorithm designed for classification tasks. It starts by
generating a default rule to handle the majority class, then creates exception rules for instances that do
not align with the default.

This approach allows the model to identify intricate connections in the data while maintaining
simplicity. RIDOR is particularly effective for imbalanced datasets where certain classes are more
prevalent, and its hierarchical structure of default and exception rules makes it well-suited for applications
like fraud detection and risk analysis. PART: PART (Partial Decision Tree) is a hybrid approach that
combines decision trees with rule-based classification. It creates rules by iteratively generating partial
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decision trees, selecting the best leaf, and converting it into a rule. Since each partial tree is generated
independently, PART eliminates the need for pruning. It is especially useful for datasets with noisy or
missing values and produces an interpretable rule set. Common applications include text classification,
predictive modeling, and customer behavior analysis, where both accuracy and interpretability are
important.

Evalution parameter: The True Positive Rate (TPR), also referred to as Recall or Sensitivity,
measures a model's ability to correctly identify positive cases. It is especially important in applications
where accurately detecting true positives is critical, such as in medical diagnoses or fraud detection. The
False Positive Rate is the proportion of negative cases that the model incorrectly interprets as positive. or
FPR. It highlights the rate of false alarms and is significant in scenarios where false positives can result in
unnecessary costs or actions. Specificity, also known as True Negative Rate (TNR), gauges how well a
model can detect negative cases. It complements TPR by focusing on the correct detection of negatives.
False Negative Rate (FNR) indicates The percentage of real instances of success that the model fails to
identify, representing missed detections. It is especially important in fields where overlooking positive
cases can have severe consequences.

COPRAS

The decision maker's evaluation of a problem using multiple criteria in relation to the available
alternatives is crucial to identifying the correct solution. This study assesses performance using the
COPRAS approach. The authors aim to address this issue by assuming that a set of criteria, along with
their respective values and weights, directly and proportionally determine the relevance and utility of the
alternatives being examined. The research approach employs COPRAS techniques, demonstrating how
three MHE instances were selected and including computational data. The results present the key
findings of the study, a discussion comparing these results with those of previous researchers, and a
sensitivity analysis to validate the MCDM's stability and robustness methods used, concluding with the
study’s findings. The definition, demonstration, and stability of COPRAS in relation to data variation are
explored.

The paper discusses methods for evaluating the criteria of hierarchically structured composite
numbers at the same level using both SAW and COPRAS. Each theoretical statement is supported by
calculations and examples. As a result, the ranks assigned may differ from those obtained using other
approaches, and COPRAS outcomes may be sensitive to slight data variations. The paper demonstrates
how two data variations were calculated using COPRAS, highlighting instances where data changes
could lead to instability in COPRAS and cause the conclusions to differ from those produced by other
multicriteria evaluation methods. The Criteria Importance Through Inter-Criteria Correlation (CIC)
objective weighting estimation tool was used to assess the parametric importance of two hybrid models,
TOPSIS-ARAS and COPRAS-ARAS, in solving a real-time robot selection problem with 12 alternative
robots and five selection criteria. COPRAS uses a single evaluation framework that considers both cost
and benefit-type criteria to grade alternatives.

One key advantage that sets COPRAS apart from other MCDM methods is its consideration of
the utility degree of alternatives, which represents a percentage indicating how much better or worse one
alternative is compared to others in the evaluation. COPRAS The COPRAS method uses stepwise
sorting to evaluate the significance and utility of alternatives. After ranking each sub-district with three
methods, comparisons are made to determine the most suitable sub-district for mining activities.
COPRAS is employed to assess a multi-criteria system by maximizing and minimizing values, making it
preferred over other methods due to its simplicity in comparing and validating measurement results.
Moreover, this method is useful for comparing and evaluating variables described hierarchically.
COPRAS can assess alternatives based on both benefit (positive) and cost (negative) criteria, which are
evaluated separately for each alternative. One of the advantages of the COPRAS approach is its ability to
solve problems by considering the utility level, allowing for a clear comparison of how By presenting
ratings at intervals, the COPRAS method can conduct multiple alternative analyses and generate various
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calculations based on the utility level. The first commonality is that real data is transformed into broad
ranges using normalization formulas. This step is necessary to eliminate the influence of high-value data
on the final results after data analysis. Once the user has provided ratings for the alternatives, they can
proceed to the calculation process using the COPRAS Calculation Form. In this form, the system will
display the COPRAS calculation process step by step, ultimately showing the ranking results of the
alternatives. COPRAS was selected for this task to identify and map Cu-promising target zones. One may
wonder why this paper selected an HMCDM approach. Although there are many MCDM methods
available, none can be deemed the best for every decision-making problem, whether general or specific.
COPRAS was utilized to rank the decision alternatives, each clearly defined by various evidential
variables that must be considered together. After the ranking process was completed, the results were
imported into ArcGIS software. However, COPRAS does not have the ability to immediately leverage
expert judgments, which means it may not generate an accurate prospectivity model. More importantly,
project managers should recognize that careful layout planning during the design phase of the production
floor can help reduce reallocation costs and minimize most operation-oriented waste. In addition to its
theoretical and practical contributions, this study will also assist in the development of more lean
implementation frameworks in the future.

We also provide an illustrative example of how the proposed entropy is used in decision-making
analysis with the COPRAS method, where the new entropy is applied. The results are compared with
existing methods, and their analysis is conducted using the WS and weighted Spearman Axioms 2021,
10, 335 5 of 15 coefficient. This shows that the new entropy can easily replace the old one. However,
more in-depth research is required for a comprehensive comparison. The proposed entropy measure
offers a new perspective on the COPRAS method, addressing the MCDM problem. Utilizing the COPRAS
technique while making decisions to choose the best household ceramics involves collecting data on
ceramic criteria, with the alternative being the type of ceramic. Based on the problem formulation outlined
earlier and the research conducted, the conclusion of this study is that the Complex Proportional
Assessment (COPRAS) approach can evaluate multiple options and assess them based on their utility
levels when attribute values are represented in intervals. Based on the findings of this research, the
application of the application of the COPRAS approach in the selection procedure the best household
ceramics involves collecting data on ceramic criteria, with the type of ceramic being the alternative
considered. The study uses the AHP method to assess the criteria's significance, whereas the COPRAS
approach is used to provide a final solution. The Analytic Hierarchy Process (AHP) compares the criteria
using the Saaty Scale, and for selecting the most suitable solution, the COPRAS method is applied. The
data from a questionnaire was then analyzed using the COPRAS approach to determine which of several
tactics was the best option. The findings showed that the best option for supplying light to city shelters
was using lamps with a battery source. Additionally, COPRAS was used to assess cars according to nine
criteria: weight, acceleration, cost, top speed, range, torque, fuel economy, and trunk space.

ANALYSIS AND DISCUSSION
TABLE1: Data Set

T T F
PR FPR NR NR
J48 0 0 0 0
.9930 .064 .93600 .00700
Ran 0 0 0 0
dom Forest .9960 .018 .982 .004
JRI 0 0 0 0
P .9930 .05 .95 .007
RID 0 0 0 0
OR .993 .06500 .93600 .00700
PAR 0 0 0 0
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| T | .991 | .03000 | .97000 |[.00900 |

The table shows the True Positive Rate (TPR), False Positive Rate (FPR), True Negative Rate
(TNR), and False Negative Rate (FNR) of five machine learning models: J48, Random Forest, JRIP,
RIDOR, and PART. Random Forest demonstrates the highest TPR (0.996) and lowest FPR (0.018) and
FNR (0.004), indicating superior accuracy and reliability. JRIP achieves similar TPR (0.993) as J48 and
RIDOR but slightly outperforms them with a lower FPR (0.05 vs. 0.064 and 0.065). PART maintains a
competitive TPR (0.991) but shows slightly higher FNR (0.009). Overall, Random Forest is the most
effective model, offering the best balance between high TPR and low FPR/FNR, which highlights its
capability to accurately identify positive cases while minimizing false alarms and missed detections. The
results suggest its suitability for applications demanding high precision and recall.

2.5000
2.0000
1.5000
1.0000
0.5000
0.0000

FIGURE1: Data Set

This graph compares different classification metrics (TPR, FPR, TNR, and FNR) across five
different algorithms or models: J48, RIDOR, JRIP, Random Forest, and PART. The way in which each
model is assessed using these standard assessment metrics, which add up to approximately 2.0 on the
y-axis. Looking at the visualization, all five models show relatively similar performance patterns. The True
Positive Rate (TPR), shown in blue, consistently forms the middle of each bar, suggesting decent
accuracy in correctly detecting positive events. The False Positive Rate (FPR), represented by the thin
orange line, appears to be the lowest across all models, which is desirable as it indicates low rates of
false alarms. The higher parts of each bar are made up of the True Negative Rate (TNR), which is
displayed in gray, and the False Negative Rate (FNR), which is displayed in yellow. and appear to be
fairly consistent across all algorithms. Among the models, J48 and Random Forest appear to have slightly
higher TPR values, suggesting that they are somewhat better at correctly detecting positive cases.
However, the differences between all five models are subtle, indicating that they perform similarly in terms
of these classification metrics. This type of comparison is very useful when choosing a model for
classification, as it helps to identify which algorithm provides the best balance of these important
performance indicators.

TABLE 2: Normalized Data

Normalized Data

T T F
PR FPR NR NR

J48 0. 0. 0. 0.
2000 2819 1961 2059
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Rando 0. 0. 0. 0.

m Forest 2006 0793 2057 1176
JRIP 0. 0. 0. 0.

2000 2203 1990 2059
RIDO 0. 0. 0. 0.

R 2000 2863 1961 2059
PART 0. 0. 0. 0.

1996 1322 2032 2647

The normalized data findings are shown in Table 2 for various machine learning models: J48,
RandomForest, JRIP, RIDOR, and PART. The True Negative Rate (TNR), False Negative Rate (FNR),
False Positive Rate (FPR), and True Positive Rate (TPR) are examples of measurements. RandomForest
achieved the highest TPR (0.2006), indicating its better ability to identify true positives, while J48, JRIP,
and RIDOR exhibited the same TPR (0.2000). PART had the lowest TPR (0.1996). Regarding FPR,
RandomForest demonstrated the best performance (0.0793), reflecting lower false alarms, whereas
RIDOR and J48 had the highest FPR. For TNR, RandomForest led with 0.2057, while J48 and RIDOR
lagged. Finally, the FNR was lowest for RandomForest (0.1176), showing its superiority in minimizing
missed positives.

TABLE 3: Weight

Weight

J48 0. 0. 0. 0.
25 25 25 25

Rando 0. 0. 0. 0.
m Forest 25 25 25 25

JRIP 0. 0. 0. 0.
25 25 25 25

RIDOR 0. 0. 0. 0.
25 25 25 25

PART 0. 0. 0. 0.
25 25 25 25

Table 3 illustrates the weight distribution for various machine learning models: J48, Random
Forest, JRIP, RIDOR, and PART. Each model's weight distribution is uniformly set at 0.25 across all four
categories, indicating an equal emphasis on each parameter. This uniform distribution suggests that no
specific metric is prioritized, ensuring balanced evaluation across the models. The consistent weight
assignment highlights an impartial approach in comparing these classifiers, focusing on overall
performance rather than favoring one metric over others. This balance is crucial in scenarios requiring
fairness and comprehensive assessment of machine learning models.

TABLE 4: Weighted normalized decision matrix

Weighted normalized decision matrix

J48 0. 0. 0. 0.
05 07 05 05

RandomF 0. 0. 0. 0.
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orest 05 02 05 03
JRIP 0. 0. 0. 0.

05 06 05 05
RIDOR 0. 0. 0. 0.

05 07 05 05
PART 0. 0. 0. 0.

05 03 05 07

Table 4 presents the weighted normalized decision matrix for five machine learning models: J48,
Random Forest, JRIP, RIDOR, and PART. The matrix combines weights and normalized data to highlight
the relative performance of each model across four metrics. J48, JRIP, and RIDOR display similar values
(0.05) across most categories, reflecting comparable overall contributions. Random Forest demonstrates
the lowest value for the second metric (0.02) and a slightly better performance for the fourth metric (0.03).
PART exhibits a stronger emphasis on the fourth metric (0.07), contrasting with its relatively lower value
(0.03) in the second metric. This matrix facilitates nuanced comparisons by integrating normalized data
with weight factors, offering a balanced perspective on each model's contributions across different
criteria.

TABLE 5: Bi, Ci
Bi Ci
J48 0.120 0.100
RandomForest 0.070 0.081
JRIP 0.105 0.101
RIDOR 0.122 0.100
PART 0.083 0.117

Table 5 showcases the Bi, Ci values for five machine learning models: J48, Random Forest,
JRIP, RIDOR, and PART. The BiB_iBi values represent the benefit scores, while Bi, Ci values signify the
cost scores. RIDOR achieves the highest BiB_iBi value (0.122), reflecting a strong benefit score, while
Random Forest has the lowest BiB_iBi (0.070). In terms Bi, Ci PART leads with the highest score (0.117),
suggesting higher associated costs, whereas Random Forest has the lowest Bi, Ci (0.081), indicating
better cost efficiency. J48 and JRIP exhibit balanced BiB_iBi and Bi, Ci values, highlighting moderate
performance in both benefit and cost metrics. This table provides critical insights into the trade-offs

between benefits and costs for each model, aiding in decision-making processes.

TABLE 6: Min(Ci)/Ci, Qi, Ui

Min(Ci)/ Qi Ui
Ci
J48 0.8045 0.219 99.4987
RandomForest 1.0000 0.192 87.3674
JRIP 0.7986 0.202 92.1577
RIDOR 0.8045 0.220 100.000
0
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PART 0.6911 0.167 76.1149

Table 6 provides an evaluation of five machine learning models—J48, RandomForest, JRIP,
RIDOR, and PART—based on three metrics: achieves the highest score (1.0000), indicating optimal
efficiency, while PART scores the lowest (0.6911). The Qi values represent the quality index, with RIDOR
leading at 0.220, followed closely by J48 (0.219), suggesting their superior quality. Lastly, the Ui metric
reflects overall utility, where RIDOR attains the highest utility score (100.0000), closely followed by J48
(99.4987), while PART records the lowest utility (76.1149). These results emphasize RIDOR's exceptional
balance in cost, quality, and utility, making it the most effective model in this analysis.

S | ¥

= J48 = RandomForest JRIP RIDOR = PART

FIGURE 2: Min (Ci)/Ci, Qi, Ui

J48, Random Forest, JRIP, RIDOR, and PART: This pie chart illustrates the relative distribution of
five different machine learning algorithms. Looking at the visualization, Random Forest appears to have
the largest share, occupying about a quarter of the pie chart, suggesting that it may be the most
frequently used or most useful algorithm in this particular analysis. JRIP and RIDOR show similar
proportions, each representing about 20-22% of the total distribution. PART and J48 have slightly smaller
portions, each representing approximately 15-17% of the total. The relatively even distribution between
these algorithms suggests that, despite small variations in their utility or performance metrics, they may all
have comparable importance or performance in a given context. This type of visualization is very useful
for comparing the relative weights or importance of different classification algorithms in a machine
learning context. The 3D effect of the pie chart adds depth to the visualization, although it is worth noting
that it can sometimes make exact proportional comparisons a bit more challenging than a 2D
representation. The color coding effectively differentiates between different algorithms, making it easier to
identify and compare their shares.

TABLE 7: Rank

Rank
J48 2
Random Forest 4
JRIP 3
RIDOR 1
PART 5

Table 7 presents the ranking of five machine learning models—J48, Random Forest, JRIP,
RIDOR, and PART—based on their performance across evaluated criteria. RIDOR secures the top rank
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(1), indicating its superior overall performance in terms of cost efficiency, quality, and utility. J48 follows
closely in second place, reflecting its strong balance across metrics. JRIP ranks third, showcasing
moderate effectiveness. Random Forest occupies the fourth position, demonstrating lower performance
compared to the top three, despite its cost efficiency. Finally, PART ranks fifth, indicating it has the least
favorable performance among the evaluated models. This ranking provides a clear hierarchy, aiding in
selecting the best-suited model for specific applications.

6

| .
0
J48 RandomForest JRIP RIDOR PART

FIGURE 3: Rank

This bar graph compares five different machine learning algorithms - J48, Random Forest, JRIP,
RIDOR, and PART - showing their performance or measurement on a scale from 0 to 6. PART
demonstrates the highest value at approximately 5 units, making it the standout performer among the
algorithms shown. Random Forest follows as the second-highest performer with about 4 units, while JRIP
shows moderate performance at around 3 units. J48 displays a lower value of about 2 units, while RIDOR
shows the lowest performance with approximately 1 unit. The clear differences in height between these
bars make it easy to compare the relative performance of each algorithm. The consistent blue coloring
across all bars helps maintain visual clarity while focusing attention on the height differences, which
represent the key comparative metric. This visualization effectively highlights the significant performance
variation among these different machine learning algorithms, with PART showing clear superiority in
whatever metric is being measured.

4. CONCLUSION

In conclusion, the comparison of machine learning algorithms—J48, Random Forest, JRIP,
RIDOR, and PART—reveals distinct differences in performance across various metrics and visualization
formats. PART emerges as a standout performer in the bar graph with the highest value, showcasing its
strength in the measured metric. However, Random Forest demonstrates the most balanced and superior
performance in terms of accuracy and reliability across critical evaluation metrics like TPR, FPR, and
FNR. JRIP, J48, and RIDOR exhibit moderate performance, with strengths and weaknesses varying by
metric. The bar graph emphasizes PART's dominance in the visualized metric, while the detailed table
highlights Random Forest's ability to maintain high precision and recall, minimizing false positives and
negatives. These findings underline the importance of context when selecting an algorithm, as the choice
depends on specific application requirements. For scenarios demanding high accuracy and reliability,
Random Forest is the most suitable choice.
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Analyzing Supply Chain Efficiency in HAL's Avionics Division Using SPSS: A
Statistical Exploration

Introduction: The emphasis on processes, emphasizing the value of self-regulation, teamwork,
and motivation in education, is replacing a product-centric approach. Our research highlights the
importance of including these skills in learning objectives and ensuring that appropriate assessment
techniques are used to track their progress in classrooms. Through the use of technologies such as
intelligent training systems and adaptive learning platforms, artificial intelligence (Al) has emerged as a
key component of contemporary education, enhancing personalized learning. Al helps tailor learning
experiences to each student’'s unique needs and encourages participation, especially among students
with disabilities. Research significance: The study is notable because it highlights how education is
moving away from traditional content-based learning and towards a process-based approach. It highlights
how important it is to incorporate motivation, teamwork and self-regulation as key learning goals. This is
essential to ensure effective assessment, promote tailored learning and adapt to the advancement of Al
technology. The study also explores how Al is changing educational models, addressing ethical issues
and fostering inclusive learning environments — especially for students with disabilities. Methology:
alternatives: Al for Personalized Learning, Al for Administrative Automation, Al for Predictive Analytics, Al
for Intelligent Tutoring Systems, Al for Curriculum Development, Al for Student Engagement, and Al for
Assessment and Feedback. Evaluation criteria include Improved Learning Outcomes, Increased
Efficiency, Personalization, Data Privacy Concerns, and Dependence on Technology. Result: According
to the results, Al for predictive analytics ranked highest, while Al for intelligent training systems ranked
lowest. Conclusion: Al for predictive analytics has the highest value for artificial intelligence in education
according to the Gray Relation Analysis (GRA) approach.

Keywords: Process-Oriented Approach, Self-Control, Collaboration, and Motivation, Artificial Intelligence
in Education (AIEd), Personalized Learning, Web-Based Intelligent Training Systems (ITS), Al-Powered
Applications, Ethical Concerns in Al Development, Educational Technology Integration.
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INTRODUCTION

The shift from product-oriented to process-oriented approaches in education is a strategy that
broadens its scope beyond subject matter expertise to include skills such as self-regulation, teamwork,
and motivation. According to our research, key elements of learning — such as encouraging teamwork,
addressing game-like behaviors, or providing a framework for goal setting — are highlighted in a large
number of studies analyzed. We assess whether the organization recognizes these skills as learning
objectives within this framework. This study should measure or evaluate these skills, and see how
collaboration with the organization encourages or supports them to be considered a learning objective.
For example, if collaboration is encouraged but only pre- and post-domain knowledge is measured, the
collaborative learning goal will not be achieved. On the other hand, assessing teamwork in an exchange
context would be consistent with the requirements for this type of goal. [1] The term Artificial Intelligence
in Education (AIEd) refers to the broad application of Artificial Intelligence (Al) in educational settings as a
result of advances in computing and information processing technology. Human-computer interactions,
learning analytics dashboards, teaching robots, intelligent tutoring systems, and adaptive learning
systems are some examples of applications. AIEd has been recognized as a revolutionary tool since its
inception nearly thirty years ago, with the promise of enabling creative educational approaches that were
not achievable with conventional methods. [2] Digital technologies powered by Al are already an essential
part of our daily lives, profoundly influencing our thoughts, behaviors, and communications. Artificial
intelligence (Al) has advanced significantly since its inception, especially with the development of deep
learning (DL) and artificial neural networks (ANN).

Al-powered technologies and applications, such as intelligent robots and adaptive learning
systems, are increasingly being adopted by educators and students in K-12 and higher education. By
meeting the specific needs, abilities, and learning preferences of each student, these technologies
provide personalized learning and overcome the shortcomings of conventional education systems. Al
enhances motivation, engagement, and independence in the learning process by helping teachers
customize their teaching strategies for each student. Furthermore, Al promotes increased access and
engagement in school by providing critical support for students with disabilities. [3] The evolution of web-
based intelligent training systems (ITS) has a well-established history. These systems play a key role in
web-based instruction (W1), demonstrating how they can address key challenges in online learning and
teaching, such as personalization, adaptability, and collaboration. Although these challenges in web-
based ITS are primarily focused on learners, their relevance extends beyond the education sector. With
some modifications, the insights from the development of web-based ITS can be applied to other domains
as well. [4] Concerns about Al are closely intertwined with China’s growing influence as a global leader in
Al development. As a result, this paper goes beyond traditional educational issues of curriculum and
pedagogy to examine the geopolitics of technological advancement, where education plays a central and
systemic role.

The political economy analysis presented in this paper is based on three interrelated concepts:
first, the relationship between Al and education is shaped not only by technology designers or educators,
but also by a wider network of stakeholders; second, these relationships are defined by competition rather
than consensus; and third, Al technologies are being developed within existing educational and
technological structures, rather than emerging in isolation. [5] The journal is run by a distinguished
editorial board of high-level officials and academics from various countries in fields such as artificial
intelligence, education, learning analytics, and educational technology. It evaluates submitted publications
through a double-blind peer review process. After submission, the editorial board selects the best editor-
in-chief and performs an initial screening. After that, at least two members of the editorial board or
external reviewers receive the work from the editor-in-chief, who assigns a score based on its importance,
uniqueness, and novelty.[6] The rapid advancement of big data and artificial intelligence (Al) technologies
has profoundly affected many aspects of human society, including economics, politics, science, and
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education. These advances have played a particularly important role in sustaining many social activities
during the COVID-19 pandemic. Digital tools, platforms, applications, and interactions have generated
large amounts of data, commonly referred to as “big data,” across various domains. Big data technologies
aim to unlock the potential of this extensive information, whether in real time or through other means. [7]
A report on the Atrtificial Intelligence Market in the US Education Sector predicts a 47% increase in the
adoption of Al in education between 2017 and 2021. Several major institutions have been recognized for
using Al-powered digital platforms to teach, test, and provide feedback to students. These platforms
support learners from preschool to university, helping to address challenges, identify knowledge gaps,
and introduce new concepts on demand.

Al-powered systems are expected to benefit educators and society by enabling personalized
curricula that meet individual student needs and improving access to classes, even in remote locations.
Al-powered systems can translate a teacher’s presentation into the student’s preferred language, which
offers significant benefits to students who are hearing or visually impaired. In addition, these systems help
students who are unable to attend school due to illness or other reasons. [8] Information technology is
changing how we work, learn, and manage information and knowledge. This digital transformation has
generated a wealth of data about our behaviors. Industries such as economics and transportation have
long incorporated analytics into daily operations. Analytics, by processing large datasets, provides
valuable insights into human activities, helping to improve processes and outcomes. However, it is often
unclear which areas of daily life are affected by algorithms or Al systems, making it challenging for users
to identify when these technologies are in use. [9In the twenty-first century, Al has attracted significant
attention from business leaders, researchers, governments, and the public. As efforts to integrate Al into
organizational systems and unleash its potential have intensified, discussions about its ethical, legal, and
social implications have become increasingly important. Much of the conversation in the public, private,
and academic sectors has focused on ethical issues, including workforce changes, job displacement,
military and cybersecurity concerns, and the economic benefits of Al. [10] Al will play a key role in
shaping how we teach and acquire new skills. One aspect of “AlEd” is to automate the tracking of learner
progress across various skills and identify areas that require human intervention. For educators, AIEd will
help specify the most effective teaching strategies based on students’ contexts and learning
backgrounds. It can also automate routine tasks like creating assessments, grading, and providing
feedback. It will not only help students understand what they are learning by providing personalized
recommendations, but also by identifying learning gaps, determining best teaching methods, and
maintaining student engagement. [11] It is essential to emphasize developing cognitive and
computational thinking skills among students.

A good example of this is Google Maps, which has advanced from simple customization to real-
time adaptation. Google Maps can now detect when a driver is approaching a traffic jam and suggest an
alternative route. Also, when working with big data, we often use reasoning to discover the unknowns and
gain insights. Identifying the unknowns can be challenging, but Al can help uncover hidden values and
unexpected outcomes. [12] Artificial intelligence is an emerging technology field that focuses on
simulating and enhancing human intelligence through various theories, methods, technologies, and
application systems. It has become a key strategic technology shaping the future. As Al technology
advances, it has brought about major positive changes in modern society, leading to innovations such as
smartphones, facial recognition, search engines, machine translation, autonomous vehicles, and smart
healthcare. Al has become a fundamental part of everyday life, transforming the way people live and
work. [13] Al is having a profound and far-reaching impact on education.

Traditional education, which focused on problem-solving and knowledge transfer, is shifting
towards a model that emphasizes creative integration. The stereotypical approach of the industrial era is
being replaced by personalized learning suited to the Al-driven era. As a result, the goals, content, and
methods of education are all undergoing simultaneous transformation. [14] Schools are settings where
learning primarily occurs through social and collaborative interactions, and teachers play a key role in
planning, designing, and guiding the educational process. Most AIED systems developed to date are
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computer-based (with a few exceptions), and to teachers, these systems often appear as “black boxes”
because they exclude educators from the decision-making process. As a result, AIED has limited or no
influence on the functioning of a typical classroom. Over the next 25 years, the goal is to move away from
computer-centric systems to approaches that engage students in new ways so that teachers can teach
more effectively. [15] Since humans are social beings, emotions serve as an important form of
communication. Across species and cultures, all living things communicate their feelings to others, either
directly or indirectly, through emotions. These emotions help to establish connections between organisms
and ensure their survival. Humans experience a wide range of emotions, both positive and negative, and
have a need to express them. However, some individuals may struggle to identify their own emotions, let
alone how to communicate them. [16] The challenge in defining artificial intelligence lies in determining its
boundaries, or how computers differ from human intelligence. While computers fall short of human
intelligence—they can only perform calculations—they surpass it in some respects, because they can
calculate much faster and at much higher volumes than humans.

We have good reason to admire the amazing computational feats they achieve. In this way,
computers are like other remarkable tools that humans have created to enhance their capabilities. Just as
a shovel extends the length of an arm and a bulldozer amplifies human strength, all tools are designed to
push the limits of the human mind and body, which is why we build and use them. However, these tools
are always unique and limited in important ways, and it is important to understand both their strengths
and limitations. [17] The future of education is closely linked to the advancement of new technologies and
the rapid expansion of computing power. As a result, the education sector presents both an opportunity
and a challenge to adapt to rapidly emerging artificial intelligence (Al) technologies, which could radically
reshape the structure, operation, and management of educational institutions. Al focuses on overcoming
cognitive challenges related to human intelligence, especially problem-solving skills. It is clear that Al is
having a significant impact on the education sector. [18] Artificial Intelligence in Education (AIED) is a
multidisciplinary field that integrates techniques from fields such as computer science and information
science to address educational challenges.

The main objective of AIED is to create intelligent problem-solving systems that enhance teaching
and learning experiences. The integration of digital technologies into education has led to the
accumulation of large datasets on observable learning behaviors and user-generated content. These
datasets provide valuable insights into learning patterns, which can be used to improve the design of
educational systems. [19] The rapid advancement of artificial intelligence (Al) is profoundly changing the
way we live, learn, and work. The broad integration of innovative Al applications has significant
implications for society and future generations. Al has moved from a niche area of professional and
academic research to a central focus, and Al education must evolve from a niche topic to a core part of
the curriculum. For example, some schools may focus on teaching ethics, while others may offer courses
on building Al applications through cloud computing. Some educators may design activities that help
students explore Al from a local perspective, while others may promote a global understanding of the
technology. As a result, implementing Al education raises important questions, and approaches vary
widely across schools, making the creation of Al or Al-related curricula a complex task. [20]

1. MATERIALS AND METHODS

Traditional GRA techniques have difficulty handling intuitively ambiguous MADM situations,
especially when weight information is incomplete. A key challenge in the conventional GRA approach is
determining how to extract attribute weights from both ambiguous data and partially known weight
information. This issue presents a significant and compelling area of research, which makes it crucial to
focus on addressing it. [1] To address the MCDM challenges, we introduce an improved fuzzy GRA
approach where the criterion weights are unknown and the criterion values are represented as linguistic
variables in the form of interval-valued triangular fuzzy numbers. Optimization models are developed
based on the basic principles of traditional GRA to determine the weights. After describing the
computational steps for applying the extended GRA method to MCDM with interval-valued triangular
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fuzzy estimates, the alternatives are ranked and the optimal choice is identified. [2] The response surface
methodology (RSM) is used to model the estimated dataset obtained from calculating the average
ranking scores of GRA techniques.

This approach allows decision makers to make well-informed decisions. Compared to existing
MCDM methods, the proposed approach offers three main advantages. First, weight assignment is done
using an experimental design technique that allows decision makers to statistically assess the relative
importance of each criterion. In traditional MCDM methods, expert judgments play a significant role in the
weighting process; however, these subjective assessments can introduce errors. As a result, changes in
attribute weights can greatly affect the ranking results. Incorrect weights, arising from flawed weighting
procedures, can directly affect the results of the MCDM approach. [3] The GRAS method is designed to
balance matrices with negative entries while ensuring that specified row and column totals are
maintained. It is very useful in applications such as economic modeling and input-output analysis.
Introduced by Junius and Oosterhoff (2003), the method is based on the minimum-information principle,
which seeks to achieve equilibrium with minimal change to the original data. The GRAS algorithm works
by scaling variables to meet row and column constraints, with a full cycle of generating a GRAS hierarchy
through all constraints. If all constraints have already been satisfied, the algorithm should return to the
original solution. While the GRAS method provides a theoretically robust approach to matrix balancing,
special attention must be paid to certain cases, especially those involving zero values and the
construction of the objective function. This review article attempts to provide a practical overview. In this
section, we provide a literature review on the application of fuzzy-AHP and fuzzy-GRA methods in the
energy sector, with a particular emphasis on HE. We then outline the computational details of the linear
normalization-based Fuzzy-GRA and the Buckley extension-based Fuzzy-AHP approaches. [5] Based on
the traditional GRA approach, this research aims to derive attribute weights from both spherical linguistic
fuzzy data and completely unknown attribute weight information. This issue needs to be carefully
considered.

In the context of spherical linguistic fuzzy numbers, where attribute values are specified as they
are and attribute weight information is not available, the research seeks to extend the GRA approach to
solve MADM problems. [6] To determine the entropy weights of the criteria, intuitive fuzzy entropy is used.
Due to its simplicity and readability, the GRA technique is often used for multi-criteria decision-making
situations. Therefore, a new strategy that can improve the efficiency of personnel selection procedures is
to combine the GRA technique with intuitive fuzzy sets. [7] Energy producers have been evaluated using
various models and techniques. Gray relational analysis (GRA) is a paradigm for making decisions using
multiple criteria and ambiguous situations. Gray numbers are used in this strategy to deal with ambiguity
and insufficient information in the evaluations. Interval scales can be used to translate verbal concepts
into numerical values, where Gray numbers represent the personal preferences of the decision maker.
Using a new sustainability paradigm, we compare and evaluate several renewable and non-renewable
energy sources in this research. GRA has been used in many investigations, however, it has some
shortcomings. [8] Another method for developing a decision-making model that combines quantitative
analysis with fuzzy data is the Gray System. The Gray System is used when information is only partially
known. lIts five components are Gray Method Prediction, Gray Method Decision Making, Gray Correlation
Analysis (GRA), Gray Control, and Programming. GRA is a useful technique when dealing with complex
problems involving relationships between multiple variables and discrete data sets under complex
attribute conditions. The GRA model is often used to solve problems related to uncertainty, especially
when working with discrete and incomplete data. [9] The goal of this study is to investigate the GRA
approach combined with the CRITIC method to address probabilistic linguistic MAGDM problems with
uncertain weights. The main uncertainties in this study are as follows: (1) the focus is on linguistic
MAGDM problems; (2) the CRITIC method is used to objectively calculate attribute weights using the
scoring function of PLTs; (3) the GRA method is extended to combine PLTSs with unknown weight
information; and (4) a case study is included to select a platform for EVCS to demonstrate the proposed
approach. [10]
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Alternatives
Al for Personalized Learning

By tailoring educational experiences to the unique needs of each student, Al for personalized
learning increases student engagement and performance. It provides personalized resources and
feedback by exploring learning patterns and encouraging critical thinking and problem-solving skills. This
approach aims to create a more inclusive learning environment and improve overall learning outcomes.

Al for Administrative Automation

Al for Administrative Automation streamlines educational management by optimizing resource
allocation, policy development, and governance. It enhances efficiency in administrative tasks, allowing
institutions to focus on strategic initiatives. This integration supports effective Al implementation in
education, ensuring compliance with educational standards and improving overall institutional
performance

Al for Predictive Analytics

Al for Predictive Analytics in education utilizes data-driven techniques to forecast student
performance and outcomes. By analyzing historical data, it identifies trends and patterns, enabling
institutions to make informed decisions. This proactive approach enhances educational strategies and
supports sustainable development goals in higher education

Al for Intelligent Tutoring Systems

Learning experiences are personalized to each student’'s needs using Al for Intelligent Training
Systems (ITS). These tools foster critical thinking skills, provide personalized training, and provide real-
time feedback. ITS improves educational outcomes and creates a more stimulating learning environment
for students by incorporating Al.

Al for Curriculum Development

Artificial Intelligence (Al) enhances curriculum development by aligning educational content with
learner-centered approaches and active learning strategies. It supports personalized learning, real-time
feedback, and differentiated instruction, ensuring that Al initiatives meet educational goals effectively

Al for Student Engagement

Al enhances student engagement by personalizing learning experiences, encouraging active
participation, and providing real-time feedback. It supports adaptive learning environments that meet
individual needs, increasing motivation and interaction. This approach is consistent with learner-centered
strategies, ensuring that students are actively engaged in their educational journey.

Al for Assessment and Feedback

Al enhances assessment and feedback by providing personalized evaluations and timely
responses to student performance. It supports differentiated instruction, allowing educators to tailor
feedback based on individual learning needs. This approach fosters continuous improvement and aligns
with sustainable educational practices, ensuring effective learning outcomes

Evaluation Parameters
Benefit Parameters

Better Learning Outcomes: Evaluates how Al improves student performance and retention of
information.
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Increased Efficiency: Evaluates how much time and money Al saves in administrative and
instructional practices.

Personalization: Evaluates Al’s ability to tailor learning experiences to specific student needs and
preferences.

Non-Benefit Parameters

Data Privacy Concerns: Evaluates the risks associated with handling student data and
compliance with privacy regulations.

Dependence on Technology: Considers the potential over-reliance on Al tools, which may
undermine traditional teaching methods.

2. ANALYSIS AND DISSECTION
TABLE 1. Artificial Intelligence

DATA SET
Improved Data
Learning Increased Privacy Dependence
Qutcomes Efficiency | Personalization | Concerns on Technology
Al for
Personalized
Learning 88 8 7 120 6
Al for
Administrative
Automation 92 7 6 150 7
Al for Predictive
Analytics 85 9 8 100 5
Al for Intelligent
Tutoring Systems | 80 6 5 200 8
Al for Curriculum
Development 78 5 6 90 4
Al for Student
Engagement 95 7 7 180 8
Al for Assessment
and Feedback 90 8 8 170 7

Table 1, grouped into administrative automation, personalized learning, and other applications,
looks at how artificial intelligence (Al) is impacting many aspects of education. Each application is rated
based on its impact on learning outcomes, efficiency, personalization, data privacy concerns, and
technology reliance. Improved Learning Outcomes: Al-powered student engagement (95) and
administrative automation (92) stand out for their strong contributions to improving educational outcomes.
While intelligent learning systems and curriculum development show slightly lower scores, they still have
significant impacts. Increased Efficiency: Significant efficiency gains are seen in administrative
automation (7) and predictive analytics (9) that streamline educational processes. Intelligent learning
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systems and curriculum development show minor improvements in this area. Personalization: Al
applications for personalized learning (7) and intelligent learning systems (5) excel at creating tailored
learning experiences. Other applications also incorporate personalization to a lesser extent. Data Privacy
Concerns: The highest concerns arise with Intelligent Learning Systems (200) and Student Engagement
(180), highlighting the importance of implementing strong privacy measures. Curriculum Development
(90) poses fewer challenges in this area. Technology Reliance: Intelligent Learning Systems and Student
Engagement (8 each) show a high level of technology dependence, reflecting the growing role of digital
tools. Curriculum Development (4) relies less on traditional methods, preserving some of the traditional
ones.

Artificial Intelligence

Q Q O Q Q Q

N N N N » N

‘V/K\

Improved Learning Outcomes ' Increased Efficiency
Personalization Data Privacy Concerns

Dependence on Technology

FIGURE 1. Artificial Intelligence

The bar chart shows the influence of various artificial intelligence (Al) applications in education across five
key dimensions: improved learning outcomes, improved performance, personalization, data privacy
concerns, and technology reliance. Improved learning outcomes: Applications such as student
engagement and administrative automation make the most significant contributions to learning outcomes,
as evident from their tall bars. These tools play a key role in improving academic success. Improved
efficiency: Administrative automation and predictive analytics excel at improving efficiency, as indicated
by the prominent orange segments. These technologies streamline processes, saving time and
resources. Personalization: Al-powered personalized learning and intelligent training systems focus
heavily on tailoring education to individual needs. While other applications also offer personalization, their
impact in this area is less pronounced. Data privacy concerns: Intelligent training systems and student
engagement pose significant privacy challenges, as shown by the very tall yellow bars. These findings
highlight the importance of implementing robust data protection strategies. Trust in Technology: Student
engagement and scholarly learning systems show a high reliance on technology, as reflected by their
significant gray bars. In contrast, curriculum development shows a low reliance, striking a balance
between traditional and digital methods.

TABLE 2. Normalized Data

Normalized Data

Improved Increased Data Dependence

Learning Efficiency | Personalization | Privacy on
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Outcomes Concerns Technology
Al for
Personalized
Learning 0.5882 0.7500 0.6667 0.7273 0.5000
Al for
Administrative
Automation 0.8235 0.5000 0.3333 0.4545 0.2500
Al for Predictive
Analytics 0.4118 1.0000 1.0000 0.9091 0.7500
Al for Intelligent
Tutoring Systems | 0.1176 0.2500 0.0000 0.0000 0.0000
Al for Curriculum
Development 0.0000 0.0000 0.3333 1.0000 1.0000
Al for Student
Engagement 1.0000 0.5000 0.6667 0.1818 0.0000
Al for
Assessment and
Feedback 0.7059 0.7500 1.0000 0.2727 0.2500

The normalized data table provides a comparative analysis of various artificial intelligence (Al)
applications in education across five dimensions: improved learning outcomes, increased efficiency,
personalization, data privacy concerns, and technology dependency. Each value is normalized to a scale
from 0 to 1, where 1 represents the highest impact in a particular category. Improved learning outcomes:
Al for student engagement scores the highest (1.0000), demonstrating its strong influence on improving
educational outcomes. Administrative automation (0.8235) and assessment and feedback (0.7059) show
significant contributions. In contrast, intelligent training systems (0.1176) and curriculum development
(0.0000) perform the least in this category. Increased efficiency: Predictive analytics leads with a perfect
score (1.0000), reflecting its exceptional ability to streamline processes. Personalized learning and
assessment and feedback follow closely at 0.7500, while intelligent training systems (0.2500) and
curriculum development (0.0000) lag significantly behind. Personalization: Predictive analytics and
assessment and feedback both achieve the highest score (1.0000), emphasizing their adaptability to
individual needs. However, intelligent training systems receive the lowest score (0.0000), indicating
minimal contribution in this aspect. Data privacy concerns: Curriculum development receives the highest
score (1.0000), highlighting low privacy concerns. In contrast, intelligent training systems and student
engagement face significant privacy challenges (0.0000 and 0.1818, respectively). Dependence on
technology: Curriculum development (1.0000) and predictive analytics (0.7500) show the highest reliance
on technology, whereas intelligent learning systems and student engagement show the lowest reliance
(0.0000).

TABLE 3. Deviation sequence

Deviation sequence

Improved Data Dependence
Learning Increased Privacy on

Qutcomes Efficiency | Personalization | Concerns Technology
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Al for Personalized

Learning 0.4118 0.2500 0.3333 0.2727 0.5000
Al for

Administrative

Automation 0.1765 0.5000 0.6667 0.5455 0.7500
Al for Predictive

Analytics 0.5882 0.0000 0.0000 0.0909 0.2500
Al for Intelligent

Tutoring Systems | 0.8824 0.7500 1.0000 1.0000 1.0000
Al for Curriculum

Development 1.0000 1.0000 0.6667 0.0000 0.0000
Al for Student

Engagement 0.0000 0.5000 0.3333 0.8182 1.0000
Al for Assessment

and Feedback 0.2941 0.2500 0.0000 0.7273 0.7500

The five categories, including improved learning outcomes, improved performance, personalization, data
privacy concerns, and technology dependency, are used in the deviation ranking table to illustrate the
variation or difference in the performance of various artificial intelligence (Al) applications in education.
Higher scores indicate greater deviation from the scale; scores range from 0 to 1. Improved Learning
Outcomes: Student Engagement achieves the closest alignment to the scale (0.0000), while Intelligent
Training Systems (0.8824) and Curriculum Development (1.0000) show significant deviations, indicating
weak alignment in this area. Increased Efficiency: Predictive Analytics aligns the closest to the scale
(0.0000), reflecting its effectiveness. On the other hand, Curriculum Development (1.0000) and Intelligent
Training Systems (0.7500) show significant deviations, highlighting inefficiency. Personalization:
Predictive analytics and assessment and feedback (0.0000) both fit the criteria well, demonstrating their
strong focus on personalization. However, Intelligent Learning Systems (1.0000) shows the highest
deviation, indicating a lack of adaptability. Data Privacy Concerns: There is no deviation in curriculum
development (0.0000), which raises minimal privacy concerns. In contrast, Intelligent Learning Systems
(1.0000) and Student Engagement (0.8182) show the highest deviations, indicating significant privacy
risks. Technology Reliance: Curriculum Development and Predictive Analytics show the lowest deviation
(0.0000 and 0.2500), while Intelligent Learning Systems and Student Engagement (each 1.0000) are
heavily dependent on technology, which is reflected in their high deviations.

TABLE 4. Gray correlation coefficient

Gray correlation coefficient
Improved Data Dependence
Learning Increased Privacy on
Outcomes Efficiency | Personalization | Concerns | Technology
Al for
Personalized
Learning 0.5484 0.6667 0.6000 0.6471 0.5000
Al for | g 7391 0.5000 0.4286 0.4783 0.4000
Administrative
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Automation

Al for Predictive

Analytics 0.4595 1.0000 1.0000 0.8462 0.6667
Al for Intelligent
Tutoring Systems | 0.3617 0.4000 0.3333 0.3333 0.3333
Al for Curriculum
Development 0.3333 0.3333 0.4286 1.0000 1.0000
Al for Student
Engagement 1.0000 0.5000 0.6000 0.3793 0.3333
Al for
Assessment and
Feedback 0.6296 0.6667 1.0000 0.4074 0.4000

The Gray Relationship Coefficient table assesses how closely various Al applications in education align
with a top performance standard across five criteria: improved learning outcomes, increased efficiency,
personalization, data privacy issues, and technology reliance. Higher coefficients indicate stronger
alignment with the criterion. Improved Learning Outcomes: Student Engagement shows the highest
alignment (1.0000), reflecting its effectiveness in improving educational outcomes. Administrative
Automation (0.7391) and Assessment and Feedback (0.6296) perform well, while Intelligent Training
Systems (0.3617) and Curriculum Development (0.3333) show weaker alignment. Increased
Performance: Predictive Analytics stands out with a perfect coefficient (1.0000), highlighting its
exceptional performance. Personalized learning and assessment and feedback follow with scores of
0.6667, while curriculum development (0.3333) and intelligent training systems (0.4000) show the lowest
alignment. Personalization: Predictive analytics and assessment and feedback lead with perfect scores
(1.0000), demonstrating their strong adaptability to the needs of the individual learner. Intelligent training
systems (0.3333) show the lowest alignment in this area. Data privacy concerns: Curriculum development
ranks highest (1.0000), indicating fewer privacy issues. In contrast, intelligent training systems (0.3333)
and student engagement (0.3793) face the most significant privacy concerns. Dependence on
technology: Curriculum development (1.0000) and predictive analytics (0.6667) show strong alignment,
while intelligent learning systems and student engagement (both 0.3333) are heavily dependent on
technology and deviate from the ideal.

TABLE 5. GRG

GRG
Al for Personalized Learning 0.5924
Al for Administrative Automation 0.5092
Al for Predictive Analytics 0.7945
Al for Intelligent Tutoring Systems 0.3523
Al for Curriculum Development 0.6190
Al for Student Engagement 0.5625
Al for Assessment and Feedback 0.6207

The Gray Relationship Coefficient (GRG) table assesses the alignment of various Al applications
in education with a best-in-class performance standard. Of these, Al for predictive analytics scores the
highest score of 0.7945, indicating strong alignment with the best-in-class benchmark. This highlights its
effectiveness and efficiency in improving educational outcomes, particularly in improving decision-making
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and predicting student performance. Al for curriculum development is next with a coefficient of 0.6190,
indicating strong alignment, although it lags behind predictive analytics. This indicates that while Al plays
a role in curriculum design, it needs further refinement to reach its full potential across all benchmarks.
Similarly, Al for assessment and feedback (0.6207) closely aligns with the ideal, showing its promise in
providing personalized, timely, and accurate assessments to improve learning outcomes. The Al for
Student Engagement (0.5625) shows moderate alignment, indicating that it positively impacts student
participation, but there is room for improvement to fully maximize its impact. The Al for Personalized
Learning (0.5924) also reflects moderate alignment, demonstrating its adaptability to the needs of the
individual learner, although there is room for improvement in its performance to more closely meet the
ideal benchmark.

TABLE 6. Rank

Rank
Al for Personalized Learning 4
Al for Administrative Automation 6
Al for Predictive Analytics 1
Al for Intelligent Tutoring Systems 7
Al for Curriculum Development 3
Al for Student Engagement 5
Al for Assessment and Feedback 2

The rankings in Table 6 reflect the relative performance of various Al applications in education. Al
for predictive analytics ranks highest (1), highlighting its exceptional performance in improving
educational outcomes and decision-making. Closely following, Al for assessment and feedback ranks
second, emphasizing its effectiveness in providing timely and personalized assessments to improve
student learning. Al for curriculum development ranks third, showing solid performance in aiding content
design but still needs improvement to achieve peak performance. Al for personalized learning ranks
fourth, indicating its adaptability to individual learning needs, although there is room for improvement in
fully aligning with best practices. Al for student engagement, ranked fifth, suggests that while it plays a
significant role in fostering student engagement, its impact could be strengthened. Al for administrative
automation (6) and Al for intelligent learning systems (7) rank lower, indicating that they still need
refinement to meet desired educational standards.
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FIGURE 2. Rank
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Figure 2 shows a line graph illustrating the ranking of various Al applications in education. This
graph compares the performance of each Al tool according to their levels. Al for predictive analytics ranks
first, demonstrating its exceptional efficiency and effectiveness in improving educational outcomes. Al for
assessment and feedback ranks second, reflecting its significant contribution to personalized and timely
assessments for students. In third place, Al for curriculum development is effective in supporting
educational content design, although it still needs to be improved. Al for personalized learning ranks
fourth, showing its ability to adapt to individual learning needs, but there is still room for improvement. Al
for student engagement ranks fifth, indicating its positive influence on student participation, although its
impact can be improved. Finally, Al for administrative automation and Al for intelligent training systems
rank very low (6th and 7th), indicating that significant improvements are needed to meet optimal
standards

3. CONCLUSION

The education sector is shifting from a traditional product-oriented approach to a process-oriented
model. This shift prioritizes the development of essential skills such as self-regulation, collaboration, and
motivation. Our analysis underscores the importance of integrating these skills into learning objectives in
order to foster a more comprehensive educational experience. It is crucial that the methods used to
assess these skills are consistent with the desired outcomes. For example, promoting collaboration
without assessing its effectiveness would not be a meaningful learning goal. For an assessment process
to be effective, it must directly assess these skills in the right context, ensuring that the learning
environment actively supports their development. In addition, artificial intelligence (Al) is playing an
increasingly significant role in education. Al technologies, such as intelligent training systems, adaptive
learning platforms, and learning analytics, are transforming educational practices by personalizing
learning to meet individual student needs. This approach improves student engagement, motivation, and
the overall learning experience, making education more accessible, especially for learners with
disabilities. Beyond personalized learning, Al also helps teachers by automating administrative tasks,
allowing them to focus more on improving the quality of teaching rather than handling repetitive tasks. Al
in education is driving the creation of more interactive and dynamic learning environments. The
emergence of web-based intelligent learning systems exemplifies how Al can address key challenges in
online education, such as personalization and adaptability. These systems are moving away from the
traditional one-size-fits-all approach and toward more flexible, student-centered models. However, the
integration of Al in education raises significant concerns about data privacy, ethical issues, and the
potential for job displacement within educational institutions. In addition, the use of Gray Relational
Analysis (GRA) in decision-making, especially in multi-criteria decision-making (MCDM) under
uncertainty, has become increasingly important. GRA’s ability to process incomplete and ambiguous data
makes it particularly useful in educational environments where information is often unclear. By combining
GRA with fuzzy sets, valuable insights can be gained in complex educational challenges, such as
evaluating teaching methods or selecting the most effective educational technologies. By using
optimization models and computational tools such as Response Surface Methodology (RSM), decision
makers can make more informed and effective decisions, ultimately improving educational outcomes.
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Optimizing Ai-Powered Chatbots For Customer Service An Aras Method
Approach

Al-powered chat bots for customer service automation are transforming how businesses interact
with customers. These intelligent systems use natural language processing (NLP) and machine learning
algorithms to understand, respond to, and resolve customer inquiries efficiently. By automating routine
tasks, chat bots enhance customer experience with faster response times, 24/7 availability, and
personalized interactions. They can handle various queries, from FAQs to complex troubleshooting,
improving efficiency and reducing human workload. As a result, Al-powered chat bots streamline
customer support processes, drive cost savings, and help businesses deliver high-quality, scalable, and
seamless customer service experiences.

Al-powered chat bots for customer service automation are transforming how businesses interact
with customers by providing quick, efficient, and personalized support. Their significance lies in
enhancing operational efficiency, reducing response times, and improving customer satisfaction. By
leveraging natural language processing and machine learning, these chat bots can handle a wide range
of customer inquiries, allowing human agents to focus on complex issues. This automation not only cuts
costs but also ensures 24/7 availability. Research into Al-powered chat bots explores optimizing these
systems for better decision-making, emotional intelligence, and seamless integration with existing
customer service platforms, paving the way for future advancements in Al-driven support systems.

Al-powered chat bots for customer service automation use natural language processing (NLP)
and machine learning to understand and respond to customer inquiries. The methodology involves
training the chat bot on large datasets to recognize patterns and improve its conversational abilities. It
integrates with existing customer service systems, using algorithms to predict and respond to customer
queries in real time. Chat bots are equipped with automated workflows, escalation paths, and integration
with knowledge bases for efficient issue resolution. Over time, these systems learn from interactions,
enhancing their accuracy and ability to handle complex queries, providing round the clock, cost-effective
support.

Al Assistant for Customer Support, Customer Interaction Bot, Support Chat bot Version, Virtual
Agent Solution, Next-Gen Customer Support, Help Desk Assistant Bot, Smart Support Agent

Accuracy (%),Response Time (s), Customer Satisfaction, Learning Efficiency, Escalation
Handling, Integration Capability

Help Desk Assistant Bot ranks highest, while Customer Interaction Bot sits at the bottom of the
rankings.

Keywords: Al Assistant for Customer Support, Customer Interaction Bot, Support Chat bot
Version, Virtual Agent Solution, accuracy (%),Response Time (s), Customer Satisfaction, Learning
Efficiency
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INTRODUCTION

Customers are increasingly expected to resolve issues independently, becoming co-creators of
value in the service process. However, these Al interactions are not without risks, as they can sometimes
lead to negative experiences like frustration, confusion, and dissatisfaction. By examining the value co-
creation and co-destruction frameworks, we explore how failed chatbot interactions occur.[1] Through
interviews with 27 customers, we identify key factors contributing to failure: authenticity concerns,
cognitive challenges, emotional issues, functionality limitations, and integration mismatches. Despite
customers acknowledging some responsibility for these failures, they often blame the service providers
for poor system integration. This study provides valuable insights into the causes of value co-destruction
in Al-driven services and offers practical recommendations for improving chatbot performance and
mitigating customer dissatisfaction.[2] However, this technological advancement is not without its
drawbacks. Research has shown that while chatbots can improve efficiency and service quality, they can
also induce discomfort in customers, particularly when they are designed with high levels of
anthropomorphism, such as appearing overly complex or animated.

These human-like characteristics can lead to feelings of eeriness and unease, which, in turn, can
foster negative emotions.[3] Such emotions may result in unfavorable attitudes toward the service
provider, ultimately diminishing customer satisfaction and reducing purchase intentions. Understanding
the factors that contribute to these negative experiences is crucial for ensuring that Al chatbots enhance,
rather than hinder, the customer experience.However, the true value creation occurs when the customer
engages with the chatbot, bringing in their own resources such as skills, time, and access to devices like
mobile phones or the Internet.[4] For instance, instead of speaking with a hotel receptionist, a customer
can interact with an Al-driven chatbot that can address queries anytime, anywhere, and in multiple
languages. This kind of personalized, contextual interaction exemplifies real-time value co-creation,
where both the service provider and the customer collaborate dynamically to generate a meaningful
experience.Chatbots have become a cornerstone of modern customer service, delivering prompt support
and assistance across digital platforms.

Their 24/7 availability and rapid response capabilities significantly boost customer engagement
and satisfaction.[5] Additionally, chatbots can be customized based on individual user preferences and
previous interactions, enabling them to offer personalized solutions and recommendations. With ongoing
learning and adaptation, chatbots continuously refine their capabilities, ensuring a smoother, more
efficient customer experience over time.Many organizations have embraced Al-powered marketing
automation to elevate customer experiences and fuel business growth. For instance, Amazon leverages
advanced Al algorithms to drive its recommendation engine, analyzing customer browsing and purchase
behaviors to deliver highly personalized product suggestions.[6] This approach has significantly boosted
sales and enhanced customer satisfaction by helping users discover products that match their
preferences. Similarly, Starbucks employs Al-powered chatbots within its mobile app to efficiently address
customer inquiries and streamline order processing.

This integration not only provides customers with a seamless and convenient experience but also
reduces the burden on customer service teams, improving operational efficiency.[7] Al-powered chatbots
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and self-service portals can utilize customer data and past interactions to tailor responses,
recommendations, and support options, thereby strengthening relationships, enhancing satisfaction, and
improving customer retention. Beyond implementing tools, successful Al adoption requires adhering to
best practices, including ensuring data quality and security. Accurate and well-structured data is critical
for training Al models to provide reliable results. Equally important is maintaining transparency by
informing customers about Al's role, its limitations, and offering access to human agents when needed.
This approach fosters trust and ensures a positive, customer-focused experience.[8] Liu et al. (2021)
explore the impact of Al-powered chatbots in transforming insurance customer service. Their findings
highlight that chatbots excel in handling routine inquiries, providing policy details, and guiding users
through self-service tasks. This enhances accessibility for customers while allowing human agents to
dedicate their expertise to more complex and personalized issues.

However, the study warns of the risk of chatbots delivering generic or impersonal responses,
which could detract from the user experience. To mitigate this, continuous training and optimization are
essential to ensure that chatbots maintain a natural, engaging, and customer-centric interaction.[9] Al-
powered chatbots are transforming the hospitality industry by redefining guest interactions and service
delivery. These intelligent virtual assistants utilize natural language processing (NLP) and machine
learning to deliver instant support and personalized recommendations, ensuring round-the-clock
availability. By responding to guest inquiries in real time and streamlining communication, chatbots
enhance the overall guest experience while also improving operational efficiency.[10]Research
underscores the transformative potential of Al in customer support within the financial services sector,
particularly in enhancing efficiency, response times, and customer satisfaction through Al-powered
chatbots. These systems effectively manage routine queries and leverage sentiment analysis to interpret
customer feedback, enabling organizations to refine their offerings.

However, there remains a gap in the literature specifically addressing Al applications in life
insurance customer support, highlighting the need for further exploration. This study seeks to bridge this
gap by examining the nuances of Al-driven customer support in the life insurance industry, shedding light
on its opportunities and challenges to advance both practice and understanding in this field. [11]Many life
insurance companies have embraced Al-driven transformation initiatives, achieving varying levels of
success. Noteworthy examples highlight the impact of Al-powered chatbots in managing routine inquiries,
including policy details, premium payments, and beneficiary information. These chatbots effectively
handle high volumes of interactions, allowing human agents to concentrate on more complex and
specialized tasks. Furthermore, several insurers have utilized Al to streamline claims processing,
significantly reducing turnaround times while enhancing accuracy and efficiency. These advancements
demonstrate the potential of Al to optimize operations and elevate customer experiences within the life
insurance sector.[12] Al's impact on operational efficiency can be evaluated through metrics like first
contact resolution rates, average handling time, and agent productivity.

By automating routine tasks such as policy updates and premium payments, Al-powered chatbots
and virtual assistants reduce the workload on human agents, enabling them to address complex
customer issues that require expertise and judgment. Al also enhances agent productivity by providing
intelligent tools like real-time customer insights and knowledge base recommendations, helping agents
resolve inquiries quickly and accurately.[13] Furthermore, Al-driven solutions, such as automated
underwriting, streamline processes like eligibility checks and risk assessments, resulting in faster policy
approvals, reduced error rates, and optimized resource allocation.

These advancements collectively demonstrate Al's potential to transform operations and drive
efficiency in the insurance industry.[14] The adoption of artificial intelligence (Al) in the
telecommunications industry has revolutionized customer service, with Al-powered chatbots playing a
pivotal role. These chatbots have proven to be essential in improving the accessibility of telecom
services, particularly for individuals with disabilities. This paper explores the transformative impact of Al-
powered chatbots, focusing on their ability to make telecom services more inclusive while delivering
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significant social benefits. By analyzing current innovations, real-world applications, and future
opportunities, this study highlights how these intelligent systems can bridge accessibility gaps, ensuring
equitable access to telecom services for customers of all abilities.[15]

MATERIAL AND METHOD

Alternative:

1.

Al Assistant for Customer Support:Al assistants for customer support leverage machine learning
and natural language processing to handle customer inquiries, providing instant, personalized
responses, resolving issues efficiently, and improving overall customer satisfaction and engagement.

Customer Interaction Bot:A Customer Interaction Bot is an Al-powered tool designed to automate
customer service tasks, handling inquiries, providing information, and enhancing user experiences
through real-time, personalized, and efficient interactions.

Support Chat bot Version:A Support Chatbot Version refers to an Al-powered virtual assistant
designed to handle customer inquiries, providing timely responses, troubleshooting, and
personalized support, thereby enhancing customer service and operational efficiency.

Virtual Agent Solution:A Virtual Agent Solution is an Al-powered system designed to automate
customer interactions, offering support through chatbots or voice assistants. It enhances service
efficiency, providing personalized responses and 24/7 availability.

Next-Gen Customer Support: Next-Gen Customer Support leverages Al, automation, and
personalized experiences to enhance efficiency, speed, and customer satisfaction. It integrates
chatbots, self-service tools, and data-driven insights to deliver seamless, 24/7 assistance.

Help Desk Assistant Bot:A Help Desk Assistant Bot is an Al-powered tool designed to assist users
by answering common queries, troubleshooting issues, providing solutions, and enhancing customer
support efficiency in real-time.

Smart Support Agent:A Smart Support Agent is an Al-powered tool designed to provide automated
customer service, offering real-time assistance, handling inquiries, troubleshooting issues, and
enhancing overall user experience through natural language processing.

Evaluation preference:

1.

Accuracy (%):Accuracy (%) measures the proportion of correct results or predictions out of the total
outcomes. It is calculated as the ratio of correct predictions to total predictions, expressed as a
percentage.

Response Time (s): Response time (s) refers to the time it takes for a system, service, or
application to respond to a user's request or input, typically measured in seconds, indicating system
efficiency and user experience.

Customer Satisfaction:Customer satisfaction refers to the degree to which a product or service
meets or exceeds customer expectations. It is crucial for loyalty, repeat business, and positive word-
of-mouth for businesses.
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4. Learning Efficiency:Learning efficiency refers to the ability to acquire knowledge or skills quickly
and effectively with minimal resources, such as time and effort, maximizing the retention and
application of learned information.

5. Escalation Handling: Escalation handling involves addressing unresolved customer issues by
transferring them to higher-level support or management. It ensures timely resolution, minimizes
dissatisfaction, and maintains customer trust by providing expert intervention.

6. Integration Capability: Integration capability refers to the ability of a system or technology to
seamlessly connect with other systems, enabling data exchange and functional coordination to
improve efficiency and interoperability across platforms.

ARAS METHOD

Multi-attribute decision-making (MADM) has emerged as a critical area in decision-making theory,
gaining increasing popularity in recent years. Addressing the challenges posed by qualitative and
quantitative information with differing measurement units, the additive ratio assessment system (ARAS)
method was introduced as an efficient solution. The ARAS method simplifies the MADM process while
mitigating the impact of varying measurement units, making it a versatile tool.[16] This paper reviews the
evolution of the ARAS method, examining its foundational principles, theoretical advancements in MADM
mechanisms, adaptations to various information environments, and integrations with other
methodologies. Additionally, the paper explores the diverse applications of ARAS and identifies future
challenges to enhance its efficiency and applicability.[17] The study was conducted to address the
challenge of selecting an optimal location for opening a new branch of the MurniSadar English Course.
With the growing demand for English education in the community, the course aims to expand its reach by
establishing a new branch. To facilitate this decision-making process, a decision support system (DSS)
was developed using the Additive Ratio Assessment (ARAS) method. The system evaluates potential
locations based on five key criteria: population density, accessibility, crowd levels, rental costs, and
population income.

This approach helps streamline the selection process and ensures a data-driven decision for the
new branch’s location.[18] The rapid advancements in information technologies and global challenges
necessitate organizations to continuously adapt and innovate. As a result, selecting the right IT personnel
has become a complex decision-making process, involving multiple alternatives and criteria. This
selection process can be viewed as a multi-criteria decision-making (MCDM) problem, where intuitionistic
fuzzy sets (IFS) provide an effective tool for addressing uncertainty in the decision-making process.[19]
This paper focuses on selecting the best IT personnel candidate by integrating the Intuitionistic Fuzzy
Additive Ratio Assessment (IF-ARAS) method with a divergence measure, improved score function, and
fuzzy aggregation operators. The methodology involves calculating criteria and expert weights using an
IF-divergence measure and intuitionistic fuzzy preference evaluation. By aggregating expert judgments,
the approach prevents the loss of valuable data, ensuring a more accurate and comprehensive
assessment. The proposed IF-ARAS method is applied to the IT personnel selection (ITPS) problem, and
a comparative analysis of results confirms its effectiveness and consistency with existing methods,
validating its applicability in real-world scenarios.[20]

RESULT AND DISCUSSION
TABLE 1.Al-Powered Chatbots

Accuracy Response | Customer Learning Escalation Integration
(%) Time (s) Satisfaction | Efficiency Handling Capability
(Rating 1-5) | (Rating 1-5) | (Rating 1- | (Rating 1-5)
5)
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Max or Min 94 34 5 5 5 3
Al Assistant for | 85 2.3 4 4 3 5
Customer Support

A

Customer 92 1.8 5 5 4 4
Interaction Bot B

Support  Chatbot | 78 3.1 3 3 5 3
Version C

Virtual Agent | 88 2 4 4 4 4
Solution D

Next-Gen 94 1.5 5 4 3 5
Customer Support

E

Help Desk | 80 34 3 2 4 4
Assistant Bot F

Smart Support | 90 2.2 4 5 5 3
Agent G

Table 1 presents the evaluation results of various Al-powered customer support solutions using
the Additive Ratio Assessment (ARAS) method. The table includes six key evaluation parameters:
Accuracy, Response Time, Customer Satisfaction, Learning Efficiency, Escalation Handling, and
Integration Capability. Each solution is rated based on these metrics, with higher ratings indicating better
performance.Accuracy (%) is a critical factor in assessing the correctness of responses, with Solution A,
E, and B performing exceptionally well at 94%, 94%, and 92%, respectively. Response Time (s) is
another key metric, where Solution D leads with a response time of just 2 seconds, followed by Solution B
at 1.8 seconds, while Solution C experiences a higher delay at 3.1 seconds.Customer Satisfaction
(Rating 1-5) measures the user experience, with Solutions B, E, and C achieving perfect scores of 5.
Learning Efficiency assesses the adaptability of the Al, with Solutions A, B, and E excelling at a rating of
5. Escalation Handling is crucial for handling complex inquiries, and Solutions C and G perform the best
with a rating of 5.Finally, Integration Capability evaluates how well the system integrates with existing
tools, where Solutions B, D, and F score the highest with a 4 rating. This evaluation provides a
comprehensive overview of each solution’s strengths and weaknesses, helping organizations choose the
most suitable Al-powered chatbot for their customer support needs.
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FIGURE 1.Al-Powered Chatbots

Figure 1 showcases the performance comparison of customer support solutions using the ARAS
(Additive Ratio Assessment) method, focusing on six evaluation criteria: Accuracy (%), Response Time
(s), Customer Satisfaction (Rating 1-5), Learning Efficiency (Rating 1-5), Escalation Handling (Rating 1-
5), and Integration Capability (Rating 1-5). Seven solutions are evaluated: Max of Min Assistant,
Customer Interaction Bot B, Support Chatbot Version C, Virtual Agent Solution D, Next-Gen Customer
Support E, Help Desk Assistant Bot F, and Smart Support Agent G.The chart emphasizes that Accuracy
(%) dominates as the most critical metric, with all solutions achieving high accuracy levels, suggesting its
central role in determining the effectiveness of support systems.

Other criteria, including Response Time, Customer Satisfaction, and Learning Efficiency, display
relatively lower contributions in comparison. These minor variations in secondary metrics indicate
nuanced trade-offs among solutions in terms of speed, user experience, and adaptability.The evaluation
provides insight into the prioritization of metrics, where high accuracy is uniformly achieved, while the
remaining criteria serve as differentiators. For example, some solutions may excel in Customer
Satisfaction or Learning Efficiency despite similar accuracy levels. This chart supports decision-makers in
understanding the performance nuances and selecting solutions aligned with their organizational
objectives.

TABLE 2.Calculation of maximum value

Accurac | Respons | Customer | Learning | Escalatio | Integratio
y (%) e Time | Satisfactio | Efficienc | n n
(s) n (Rating | y (Rating | Handling | Capability
1-5) 1-5) (Rating (Rating 1-
1-5) 5)
Max or Min 750 315 1500 920 2300 0.333333
Al Assistant for Customer | 220 220 460 360 880 0.2
Support A
Customer Interaction Bot B 200 200 330 100 380 0.25
Support Chatbot Version C 270 270 630 435 590 0.333333
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Virtual Agent Solution D 270 270 670 540 1190 0.25
Next-Gen Customer Support E 585 240 1160 680 1580 0.2

Help Desk Assistant Bot F 700 315 1500 920 2300 0.25
Smart Support Agent G 750 315 1250 760 1250 0.333333

Table 2 presents the evaluation of various Al-powered customer support solutions based on key
performance indicators using the Additive Ratio Assessment (ARAS) method. The table includes six
parameters: Accuracy (%), Response Time (s), Customer Satisfaction (Rating 1-5), Learning Efficiency
(Rating 1-5), Escalation Handling (Rating 1-5), and Integration Capability (Rating 1-5), with the objective
of maximizing or minimizing these factors.Accuracy measures the correctness of the Al’s responses, with
Solution G achieving the highest value of 750, suggesting the most accurate performance. Response
Time measures the efficiency of response delivery, where Solutions A, B, F, and G all demonstrate
optimal response times at 315 seconds. Customer Satisfaction indicates how well the solution meets user
expectations, where Solutions A and F both achieve a higher score of 1500, showcasing positive user
experiences.Learning Efficiency evaluates the Al’s ability to adapt, with Solution E achieving the highest
score of 680, indicating its strong adaptability.

Escalation Handling measures how well the Al handles complex issues, with Solutions E and A
achieving scores of 1190 and 880, respectively. Lastly, Integration Capability is concerned with how well
the system integrates with existing infrastructure, with Solutions C and G attaining the highest value of
0.3333, reflecting effective integration.This evaluation helps identify the strengths and weaknesses of
each Al-powered solution, allowing organizations to choose the best fit based on their specific customer
service needs and goals.

TABLE 3.Normalization of DM

Normalization of DM

Accurac | Respons | Customer Learning Escalation Integration
y (%) e Time | Satisfaction Efficiency Handling Capability
(s) (Rating 1-5) (Rating 1-5) | (Rating 1-5) (Rating 1-5)
Max or Min 0.20026 | 0.146853 | 0.2 0.195122 0.219675 0.155039
7
Al Assistant for | 0.05874 | 0.102564 | 0.061333 0.076352 0.08405 0.093023
Customer 5
Support A
Customer 0.05340 | 0.09324 0.044 0.021209 0.036294 0.116279
Interaction Bot | 5
B
Support 0.07209 | 0.125874 | 0.084 0.092259 0.056351 0.155039
Chatbot 6
Version C
Virtual  Agent | 0.07209 | 0.125874 | 0.089333 0.114528 0.113658 0.116279
Solution D 6
Next-Gen 0.15620 | 0.111888 | 0.154667 0.144221 0.150907 0.093023
Customer 8
Support E
Help Desk | 0.18691 | 0.146853 | 0.2 0.195122 0.219675 0.116279
Assistant BotF | 6
Smart Support | 0.20026 | 0.146853 | 0.166667 0.161188 0.119389 0.155039
Agent G 7
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Table 3 shows the normalized performance values for each Al-powered customer support
solution across six key parameters using the normalization of decision-making (DM) approach. These
normalized values are computed based on the respective max-min criteria for each parameter.Accuracy
(%) is a key metric, with Solution G having the highest normalized value of 0.200267, indicating the most
accurate performance. Response Time (s), which is a minimization criterion, also shows Solution G and F
with the highest normalized values (0.146853), signifying the fastest response times.For Customer
Satisfaction (maximized), Solution F reaches the top normalized value of 0.2, reflecting the highest
customer satisfaction. Learning Efficiency shows Solution F and A with relatively high normalized values,
suggesting strong adaptability in these solutions.

Escalation Handling, another maximized parameter, reveals Solution F with the highest
normalized value of 0.219675, indicating its effective handling of escalated issues.Lastly, Integration
Capability, which is also a maximization criterion, shows that Solution C and G have the highest
normalized values of 0.155039, reflecting their superior integration ability with existing systems. These
normalized values allow for a clear comparison of Al solutions, helping to identify the most well-rounded
and efficient options for customer support.

0.25
0.2 3 /+\
0.15 A\ X £ :
// —o—Normalization of DM
\ A

0.1 1 — 77

0.05 - \V >

FIGURE 2.Normalization of DM

Figure 2 illustrates the ARAS (Additive Ratio Assessment) method, focusing on the normalization
process of decision-making (DM) criteria. The graph includes four lines, each representing a different
dataset or criterion. The blue line with diamonds corresponds to the "Normalization of DM," while the red
squares, green triangles, and purple crosses represent additional criteria or components analyzed during
the normalization process. The x-axis spans alternatives (0-10), while the y-axis reflects normalized
values ranging from 0 to 0.25.The data reveals fluctuating patterns across all criteria, with noticeable
peaks and troughs. All lines exhibit a significant peak at the second alternative, reaching around 0.2—
0.25, followed by sharp declines. Between alternatives 4 and 6, the values converge, showing minimal
variation across criteria.



www.sciforce.org

From alternative 7 onward, the lines diverge again, with another peak appearing around
alternatives 8 and 9 for most criteria. This chart highlights the variability in how different criteria contribute
to the decision-making process. The peaks suggest moments where specific alternatives stand out in
performance, while the convergence points may indicate consistency among the criteria. Overall, the
figure emphasizes the ARAS method's ability to normalize and analyze multi-criteria data for comparative
evaluation of alternatives.

TABLE 4.Weighted Normalized DM

Weighted Normalized DTABLE 4.M

0.21 0.18 0.22 0.15 0.13 0.11
Accurac | Respons | Customer Learning Escalation Integration
y (%) e Time | Satisfaction Efficiency Handling Capability
(s) (Rating 1-5) (Rating 1-5) | (Rating 1-5) (Rating 1-5)

Max or Min 0.04205 | 0.026434 | 0.044 0.029268 0.028558 0.017054
6

Al Assistant for | 0.01233 | 0.018462 | 0.013493 0.011453 0.010926 0.010233

Customer 6

Support A

Customer 0.01121 | 0.016783 | 0.00968 0.003181 0.004718 0.012791

Interaction Bot | 5

B

Support 0.01514 | 0.022657 | 0.01848 0.013839 0.007326 0.017054

Chatbot

Version C

Virtual  Agent | 0.01514 | 0.022657 | 0.019653 0.017179 0.014776 0.012791

Solution D

Next-Gen 0.03280 | 0.02014 0.034027 0.021633 0.019618 0.010233

Customer 4

Support E

Help Desk | 0.03925 | 0.026434 | 0.044 0.029268 0.028558 0.012791

Assistant Bot F | 2

Smart Support | 0.04205 | 0.026434 | 0.036667 0.024178 0.015521 0.017054

Agent G 6

Table 4 presents the weighted normalized decision-making (DM) values for different Al-powered
customer support solutions, incorporating the weights assigned to each evaluation criterion. The weighted
normalization method gives more importance to specific parameters based on their relevance, with the
weights being Accuracy (%) (0.21), Response Time (s) (0.18), Customer Satisfaction (0.22), Learning
Efficiency (0.15), Escalation Handling (0.13), and Integration Capability (0.11).In the context of Accuracy
(%), Solution G achieves the highest weighted value (0.042056), demonstrating its superior accuracy,
followed by Solution F (0.039252). For Response Time (s), Solution F and G both share the highest
weighted normalized value (0.026434), indicating fast response times. Customer Satisfaction is another
important criterion, and Solution F again leads with a weighted value of 0.044, reflecting strong user
satisfaction.

Regarding Learning Efficiency, Solution E has the highest weighted value (0.021633), showing
strong adaptability and learning capabilities. For Escalation Handling, Solutions F and A tie for the highest
weighted value (0.029268), highlighting their efficient handling of escalated issues. Lastly, for Integration
Capability, Solution C and G share the highest value (0.017054), indicating effective system
integration.This weighted evaluation process helps prioritize Al solutions that are best aligned with an
organization's objectives, considering the relative importance of each criterion. The overall analysis
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provides a comprehensive approach for selecting the most efficient and effective Al-powered customer
support solution.

B Weighted Normalized DM 0.11
Integration Capability (Rating 1-5)

B Weighted Normalized DM 0.13
Escalation Handling (Rating 1-5)
Weighted Normalized DM 0.15
Learning Efficiency (Rating 1-5)

B Weighted Normalized DM 0.22
Customer Satisfaction (Rating 1-5)

B Weighted Normalized DM 0.18
Response Time (s)

B Weighted Normalized DM 0.21
Accuracy (%)

FIGURE 3.Weighted Normalized DM

Figure 3 illustrates a comparative analysis of multiple customer support solutions using the ARAS
(Additive Ratio Assessment) method. The chart visualizes the weighted normalized decision matrix (DM)
values for five performance criteria: Integration Capability (weighted 0.11), Escalation Handling (0.13),
Learning Efficiency (0.15), Customer Satisfaction (0.22), and Response Time (0.18). These metrics are
assessed across seven solutions: Max of Min Assistant, Customer Interaction Bot B, Support Chatbot
Version C, Virtual Agent Solution D, Next-Gen Customer Support E, Help Desk Assistant Bot F, and
Smart Support Agent G.The data reveals variations in performance based on cumulative scores.
Customer Satisfaction (0.22) and Response Time (0.18) are prominent contributors, indicating their
significant influence in the overall evaluation.

Integration Capability and Escalation Handling hold moderate weights, while Learning Efficiency
slightly surpasses them. The distribution highlights specific solutions excelling in weighted categories,
enabling decision-makers to identify trade-offs. For instance, the Smart Support Agent G scores higher
due to its favorable performance in critical metrics.Overall, this visual emphasizes the importance of
balancing different criteria to select the optimal support solution. It provides a strategic overview for
stakeholders to align choices with organizational priorities.

TABLE 5.Calculation of maximum value 2

Accurac | Respons | Custome | Learning Escalatio | Integratio
y (%) e Time|r Efficiency | n n

(s) Satisfacti | (Rating 1- | Handling | Capability

on 5) (Rating (Rating 1-
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(Rating 1-5) 5)
1-5)
Max or Min 0.04205 | 0.026434 | 0.044 0.029268 | 0.028558 | 0.033834
6
Al Assistant for Customer | 0.01233 | 0.018462 | 0.013493 | 0.011453 | 0.010926 | 0.011773
Support A 6
Customer Interaction Bot B 0.01121 | 0.016783 | 0.00968 | 0.003181 | 0.004718 | 0.023545
5
Support Chatbot Version C 0.01514 | 0.022657 | 0.01848 | 0.013839 | 0.007326 | 0.033834
Virtual Agent Solution D 0.01514 | 0.022657 | 0.019653 | 0.017179 | 0.014776 | 0.003138
Next-Gen Customer Support E | 0.03280 | 0.02014 | 0.034027 | 0.021633 | 0.019618 | 0.001287
4
Help Desk Assistant Bot F 0.03925 | 0.026434 | 0.044 0.029268 | 0.028558 | 0.001739
2
Smart Support Agent G 0.04205 | 0.026434 | 0.036667 | 0.024178 | 0.015521 | 0.000851
6

Table 5 presents the normalized decision-making (DM) values for different Al-powered customer
support solutions, highlighting the performance across key evaluation criteria. The values are calculated
using the ARAS method, which assigns weightings to each criterion, with Accuracy (%) being the most
crucial, followed by Response Time (s), Customer Satisfaction, Learning Efficiency, Escalation Handling,
and Integration Capability.From the table, it is clear that Solution G excels in terms of Accuracy (%),
sharing the top spot with Solution F (0.042056), indicating both solutions perform very well in providing
accurate responses. In terms of Response Time (s), Solution F is the best (0.026434), closely followed by
Solution G, suggesting these solutions provide the fastest response times, crucial for customer support
effectiveness.Customer Satisfaction shows a similar trend, with Solution F and Solution A performing well,
both receiving the highest normalized values (0.044 and 0.013493, respectively).

Learning Efficiency is most evident in Solution E, with a relatively high value of 0.021633,
indicating its adaptability and capacity to improve over time.Escalation Handling is also crucial, with
Solutions A and F again outperforming others, showcasing their ability to handle complex cases
efficiently. Integration Capability is a deciding factor in determining the overall system's adaptability to
other services. Here, Solution C leads (0.033834), demonstrating strong integration potential.the analysis
reflects that Solutions F and G perform well across several critical criteria such as accuracy, response
time, customer satisfaction, and escalation handling, making them top contenders for selecting the most
efficient Al-powered customer support solution.

TABLE 6.Si & Ki & Rank

Si Ki Rank
0.204149 1

0.078443 0.384244 6
0.069123 0.338589 7
0.111276 0.54507 4
0.092544 0.453314 5
0.129508 0.634381 3
0.169251 0.829056 1
0.145706 0.713722 2
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Table 6 presents the final ranking of different Al-powered customer support solutions based on
the weighted normalized decision-making (DM) values derived from the ARAS method. The Si values
represent the overall performance scores, while Kivalues denote the integrated ranking based on
weighted criteria, with the rank indicating the solution's final standing.The highest rank is held by Solution
1 with the highest Si value of 0.204149, showing that it outperforms all others across the key criteria.
Solution 1 is the top choice, delivering the most balanced performance, excelling in areas like accuracy,
response time, and customer satisfaction.

The subsequent solutions, ranked 2 through 7, have lower Si values, with Solution 7 being ranked
lowest.Solution 2 follows closely with a Si of 0.169251, securing the second spot, while Solution 3 and
Solution 4 demonstrate slightly better performances, as shown by their higher Ki values of 0.713722 and
0.829056, respectively. This suggests that the solutions ranked in the top 4 are strong contenders, with
Solution 1 standing out as the most effective choice.ln summary, this ranking reveals the comparative
efficiency of these Al-powered systems, with Solution 1 as the leader in optimizing customer support
operations based on the integrated criteria.

1.2

0.8 —

0.6 ——Si

0.4

FIGURE 4.Si & Ki

The line chart in Figure 4 represents the ARAS (Additive Ratio Assessment) method, comparing
two sets of normalized values, "Si" (depicted by a blue line with diamonds) and "Ki" (depicted by a red line
with squares), across a range of alternatives on the x-axis (0—10).The "Si" values remain consistently low
throughout the chart, fluctuating around 0.1 to 0.2, indicating minimal variation among the alternatives. In
contrast, "Ki" values exhibit a dynamic pattern, beginning at the maximum value of 1 at the first
alternative, sharply dropping to approximately 0.2 for the second alternative, and gradually rising
afterward. Between alternatives 3 and 8, "Ki" demonstrates an upward trend, peaking near 0.8 before
slightly decreasing at the end.
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The contrasting trends suggest a significant disparity in importance or performance between the two
criteria represented by "Si" and "Ki.""Ki" likely indicates a dominant factor in the assessment, showing
greater differentiation among alternatives, while "Si" may represent a secondary or supplementary
criterion with minimal impact. This chart highlights how the ARAS method evaluates the alternatives by
incorporating and contrasting multiple criteria, providing a clear visual representation of their relative
influence on the decision-making process.

Rank

5

4

3 B Rank
2

, a

Al Assistant ~ Customer Support  Virtual Agent Next-Gen  Help Desk Smart
for Customer Interaction Chatbot Solution D Customer Assistant Bot ~ Support
Support A BotB Version C Support E F Agent G

FIGURE 5.Rank

The bar chart 5, labeled "Rank," presents a comparison of different Al solutions ranked according
to their performance or suitability, based on the ARAS (Additive Ratio Assessment) method. Each bar
represents a specific Al solution, including "Al Assistant for Customer Interaction,""Support
Chatbot,""Virtual Agent Solution D,"Next-Gen Customer Solution,"'Help Desk Assistant," and "Smart
Support Agent G." From the chart, the "Support Chatbot" achieves the highest rank with a value of 7,
indicating its superior performance compared to the others. The "Al Assistant for Customer Interaction"
and "Next-Gen Customer Solution" both hold strong positions with ranks close to 6. Meanwhile, "Help
Desk Assistant” and "Smart Support Agent G" have noticeably lower rankings, with values close to 1 and
2, respectively, suggesting they are less favorable. The "Virtual Agent Solution D" also performs
moderately, with a ranking of around 5. This ranking illustrates how the ARAS method evaluates these
solutions based on specific criteria, emphasizing the dominance of the "Support Chatbot" while
highlighting areas for improvement in lower-ranking options. The data likely informs decision-making for
optimizing Al-driven customer interaction tools.

CONCLUSION

Al-powered chatbots have emerged as a powerful tool for automating customer service
processes, offering a range of benefits that improve operational efficiency, customer satisfaction, and
business outcomes. However, as with any technology, the use of Al-powered chatbots also comes with
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challenges and limitations that need to be addressed for optimal performance. This conclusion aims to
summarize the key insights and reflections about Al-powered chatbots in customer service automation,
their advantages, limitations, and future potential.Al-powered chatbots are transforming the way
businesses interact with customers. By automating repetitive tasks and providing immediate, 24/7
assistance, chatbots have proven to be highly effective in improving customer service. This capability
makes chatbots especially valuable during peak hours or when customer queries increase significantly,
ensuring that businesses can offer timely responses regardless of volume.For example, e-commerce
businesses use Al chatbots to provide instant responses to customers about product availability, order
status, and shipping details. In the financial industry, chatbots assist customers by helping them with
banking inquiries, transferring funds, or even managing investments. The ability to deliver personalized
and context-aware responses is a major contributor to the effectiveness of Al-powered chatbots, enabling
businesses to meet customers’ expectations more efficiently.One of the most significant advantages of
integrating Al-powered chatbots into customer service is the cost reduction associated with automation.

Traditional customer service models typically require a substantial workforce of human agents to
handle inquiries, complaints, and other service-related tasks. With chatbots in place, businesses can
reduce the need for large human teams, leading to cost savings in labor, training, and
infrastructure.Moreover, Al-powered chatbots are available 24/7, which reduces the need for companies
to invest in additional shifts or staffing during non-business hours. By streamlining customer service
operations, businesses can achieve greater efficiency without sacrificing the quality of service. For
instance, chatbots can handle simple inquiries like account balance checks, password resets, and basic
troubleshooting, allowing human agents to focus on more complex or nuanced cases. This division of
labor enables businesses to optimize their resources and provide a better service experience.Customers
increasingly expect quick solutions to their problems, and chatbots are well-equipped to meet these
expectations. The ability to instantly resolve issues without requiring customers to wait on hold or go
through a long email thread is a major selling point for businesses that prioritize customer
satisfaction.Additionally, chatbots can engage customers in a personalized manner, offering tailored
recommendations, addressing issues proactively, and providing relevant updates based on customer
history or preferences.

For instance, in the travel and hospitality industry, chatbots can offer personalized
recommendations for accommodations, answer specific questions about bookings, and even assist with
post-purchase support. As businesses grow, so does the demand for customer support. Scaling
traditional customer service operations often requires hiring additional agents and expanding
infrastructure, which can be both time-consuming and costly. Al-powered chatbots, however, provide a
scalable solution that can easily adapt to growing customer needs without a corresponding increase in
costs.With chatbots in place, businesses can efficiently manage an increase in customer inquiries,
whether due to seasonal surges, product launches, or global expansion. Al-powered chatbots can be
quickly deployed across different channels, such as websites, social media, and messaging platforms,
offering businesses the flexibility to interact with customers wherever they are.This scalability is especially
beneficial for businesses operating in multiple regions, as Al chatbots can be programmed to handle
inquiries in different languages, understand cultural nuances, and operate across time zones. By
automating customer service across various touchpoints, businesses can ensure a consistent and
seamless customer experience no matter where or when interactions take place.Despite the many
advantages, Al-powered chatbots do come with limitations that need to be addressed to fully unlock their
potential.

One key challenge is ensuring that chatbots can handle complex or nuanced customer inquiries
that go beyond their programmed capabilities. While Al has made tremendous strides in natural language
understanding, chatbots may still struggle with ambiguous, emotional, or highly specific requests that
require human empathy and judgment.Another issue is the risk of over-reliance on automation. If chatbots
are not well-designed or maintained, they can lead to frustration and dissatisfaction among customers,
especially if they are unable to resolve issues efficiently or provide satisfactory responses. There is also
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the risk that customers may perceive chatbots as impersonal or robotic, which can negatively impact the
customer experience. For certain customer segments, human interaction remains essential, particularly in
sensitive or high-stakes situations.As Al technology continues to evolve, chatbots are likely to become
even more sophisticated, capable of handling a broader range of interactions and offering more
personalized and context-aware support. For instance, advancements in sentiment analysis could allow
chatbots to better understand customer emotions, enabling them to respond with greater empathy and
sensitivity.Voice-powered chatbots, for example, could provide hands-free customer support, while AR-
powered chatbots could offer more immersive and interactive experiences. As businesses strive to
enhance the customer experience further, the integration of these technologies will likely play a critical
role in shaping the future of customer service.Moreover, hybrid models that combine Al-powered chatbots
with human agents are likely to become more prevalent.

These models will allow businesses to offer the best of both worlds: the efficiency and scalability
of chatbots for routine inquiries and the empathy and problem solving skills of human agents for more
complex issues.Al-powered chatbots have undoubtedly revolutionized customer service automation,
offering businesses a host of benefits, from cost reduction and operational efficiency to enhanced
customer satisfaction and scalability. However, it is essential for businesses to recognize the limitations
and challenges associated with chatbot technology, particularly when it comes to handling complex
interactions and ensuring a human-like touch. By addressing these challenges and continuously
improving the capabilities of Al-powered chatbots, businesses can unlock the full potential of this
technology and deliver exceptional customer experiences in an increasingly digital world.
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Strategic Optimization of Al Solutions in Healthcare through Analytical
Decision Models

Artificial Intelligence (Al) is transforming healthcare by enhancing diagnosis, treatment, and
patient management. Al-driven technologies assist in medical decision-making, predictive analytics, and
personalized care, leading to improved efficiency and accuracy in healthcare services. This study
evaluates the application of Al in hospitals using the Multi-Objective Optimization on the Basis of Ratio
Analysis (MOORA) method. Five hospital alternatives are assessed based on key evaluation parameters:
reliability, responsiveness, assurance and tangibility, and empathy. The findings highlight Al's role in
optimizing hospital performance and improving patient care outcomes.

Al is increasingly integrated into healthcare systems to improve service delivery, reduce errors,
and enhance patient satisfaction. This study aims to evaluate how Al-driven solutions contribute to
hospital efficiency and quality of care. The research provides valuable insights for healthcare
administrators and policymakers to make informed decisions about Al adoption.

MOORA The Multi-Objective Optimization on the Basis of Ratio Analysis (MOORA) method is
used to evaluate and rank hospitals based on multiple performance parameters. MOORA is a decision-
making approach that considers various criteria simultaneously, providing a systematic ranking of
alternatives. In this study, five hospitals are analyzed using MOORA to determine their Al-driven
healthcare efficiency.

The following key parameters are considered to assess hospital performance: Reliability — The
consistency and accuracy of Al-driven healthcare services.

The speed and efficiency of Al in addressing patient needs. Assurance and Tangibility — The
credibility of Al-based services and the physical infrastructure supporting them. Empathy — Al's ability to
enhance personalized patient care and emotional support.

The MOORA-based evaluation identifies the most efficient hospital in implementing Al for
healthcare optimization. The results highlight the strengths and weaknesses of each hospital concerning
Al integration, demonstrating how Al contributes to better patient outcomes, operational efficiency, and
improved healthcare experiences. The study emphasizes that Al adoption enhances reliability,
responsiveness, assurance, and empathy in hospital services.

Keywords: Artificial Intelligence in Healthcare, MOORA Method, Hospital Performance Evaluation, Al-
driven Decision Making, Reliability in Healthcare, Responsiveness of Al Systems, Assurance and
Tangibility in Al, Empathy in Al-based Care, Al in Patient Experience, Healthcare Optimization.
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INTRODUCTION

Academic computer science has increasingly recognized biomedical applications as important
focus areas for computer science faculty. This is particularly evident among faculty members in the
bioinformatics field, many of whom incorporate artificial intelligence techniques into their research. There
has been significant progress in this area over the years, particularly with the growing recognition of the
importance of adopting standards to facilitate system integration. [7]What artificial intelligence is the
emphasis is on the research, creation, and use of intelligent computing systems. of this area of computer
science. While Al-based solutions can provide economical options for solving civil engineering
challenges, traditional approaches for modeling and optimizing complex systems frequently require
significant computational resources. Research in artificial intelligence, initially centered around a single
intelligent agent, has shifted towards the exploration of distributed artificial intelligence within networked
environments. Researchers now focus not only on solving distributed problems with a shared goal but
also on addressing problems through multiple intelligent agents, making artificial intelligence more
applicable and practical. [9]Demographics, notes from medical professionals, photos, lab findings, genetic
test results, and recordings from wearable sensors or medical equipment are examples of personal health
data. In the healthcare field, this shift empowers patients more & highlights It is imperative that ongoing
efforts be made to protect patient privacy and set up appropriate governance regarding data ownership.
Furthermore, the possible "right to explanation" requirement would restrict the kinds of models that
producers can employ for health-related reasons.[10]Artificial intelligence (Al) is transforming various
industries by managing activities that typically call for human intelligence. Al enhances complex scientific
and engineering processes by simulating, supporting, or augmenting human intelligence with efficiency
and accuracy.[11]Many executives inquire about the capabilities of artificial intelligence, seeking to
understand how it will disrupt their industry and how they can leverage it to transform their companies.
However, the media has recently presented an exaggerated view of Al's potential.

Once executives grasp what Al is capable of and its limitations, the next step is to integrate it into
their business strategies. [12]If a machine is capable of performing a task, an automatic calculator can be
designed to replicate the function of the machine. Artificial intelligence research took place at Hanover,
New Hampshire's College of Dartmouth, summer 1956. The study is based on the hypothesis that
learning and all other aspects of intelligence might be precisely defined to the extent that a computer
could be programmed to replicate them [13]the suggested in order to persuade vendors of low-risk Al
systems to voluntarily adhere to the guidelines set forth for high-risk Al systems The creation of codes of
behavior is recommended under the Al Act. A definition of general-purpose artificial intelligence (GPAI) is
also included in the act. It describes models with significant adaptability, the capacity to successfully do a
wide range of tasks, and the ability to be integrated into various downstream systems or applications
were trained on huge datasets employing self-supervision at scale.[14]Since patients will have There is
an ethical duty to make sure that their needs and values are taken into account in implementation
strategies in order to accept the possible hazards connected with emerging Al applications in healthcare.
Similar to other developments in medicine, actively involving patients is a key aspect of ethically
integrating Al into healthcare.At its best, artificial intelligence will free us from undesirable labor and offer
the most detailed understanding of ourselves that we've ever had. Perhaps no other science has
presented greater challenges than these. Al could handle any task that involves navigating and sensing
and interacting with a real environment in various ways presents significant challenges. Striving for Al
with sensing and manipulation abilities similar to those of humans would create numerous complex Al
present challenges.
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Building computer systems that are able to carry out tasks that normally require human
intelligence, such as perception, thinking, and decision-making, is known as artificial intelligence (Al). Al
is utilized in the healthcare industry to process enormous volumes of patient data, including imaging
scans, test results, and medical records. [15]"Artificial intelligence," the White House stated, also
highlighted several policy concerns related to Al. Fiscal constraints, an aging population, a rise in chronic
diseases, and pressure on health systems—already struggling to meet rising service demands—have
created significant challenges. Furthermore, the COVID-19 pandemic has exacerbated these problems,
resulting in health system failure in some countries."Like any transformative technology," it noted,
"artificial intelligence involves risks and presents complex policy challenges across various areas,
including jobs, the economy, safety, and regulation." Policymakers should focus on gaining a
comprehensive understanding of the diverse sectors within artificial intelligence technologies from the
beginning, while also recognizing the constraints of our ability to predict future advancements in Al
technology or possible emergencies that might never arise. In recent years, many healthcare sectors
have benefited from the use of a wide range of technological advances. [16]With the widespread the
widespread use the information environment has experienced a major transformation due to the
advancement of the Internet, sensor networks, big data, the information community, and the convergence
of data from physical locations, cyberspace, and human civilization. This transformation has prompted
critical adjustments as artificial intelligence (Al) advances, with its scientific foundations experiencing new
breakthroughs. [18] All papers that just included the abstract or keywords that use "neural network" or
"neural network" networks" title disqualified. It's crucial to understand, nevertheless, that writings that use
phrases like "artificial neural network" or "convolutional neural network" should be interpreted as strictly
speaking about artificial intelligence. As a result, the sample can contain some neuroscience literature.
[19] Despite the healthcare industry’s significant investment in Al technology, the adoption and
implementation of Al solutions is still in its early stages. Some of the pressing challenges in healthcare
today include budget constraints, physician shortages and burnout, as well as an increasing focus on
managing chronic diseases. Since machine learning and artificial intelligence techniques have reached a
level of maturity, researchers have been exploring their application in education.

The main emphasis has been on improving the learning experience by supporting students and
simplifying repetitive tasks for teachers. As previously mentioned, the benefits of proper use are
considerable. If students utilize this technology responsibly, their performance could be enhanced.
Additionally, educators may also gain from its functionalities. The combination Real-time access to patient
records, genomic research, and big data analysis enable physicians to make better treatment decisions
and force insurers to reevaluate their predictive models. But integration Security and patient privacy are
given top priority in order to fully utilize big data. Design and development of healthcare products.
Healthcare costs are rising rapidly due to longer life expectancies, the rise in chronic diseases, and the
continued introduction of expensive new treatments. As a result, experts predict significant challenges,
raising concerns about the long-term sustainability of healthcare systems around the world. Better
outcomes for patients can only be achieved when healthcare professionals are prepared to decide when
to employ a clinical decision support system (CDSS) driven by artificial intelligence and how to interpret
its findings. Therefore, ensuring benefit in medical Al is challenging if its use acts as an opaque “black
box” without transparency or understanding. [11] While the healthcare industry has been less quick to
embrace big data compared to sectors like retail and banking, primarily due to concerns about patient
confidentiality, it is likely to catch up soon. However, traditional tools do not always fully leverage the
insights that big data can offer. A recent industry review revealed that interest in big data extends beyond
traditional players.

Although these efforts Doctors can make better treatment decisions thanks Healthcare is being
revolutionized by big data analysis, genomic research, and real-time access to patient records. Insurers
will also need to reconsider their forecasting methods as a result of big data. However, despite being
advocated for some time, big data is only now beginning to fully impact the industry. Makes it possible to
identify high-risk patients more quickly, intervene more effectively, and monitor patients more
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thoroughly.[12] One of the most prevalent uses of machine learning in the healthcare industry is precision
medicine. This approach involves predicting the most effective treatment protocols for individual patients
by analyzing historical patient data. By finding data patterns and utilizing machine learning algorithms to
comprehend the connections between them, making wise decisions is aided by big data analytics. This
report provides an overview. Big data analytics is being used more and more in the healthcare industry.
Government systems. In healthcare, big data encompasses patient care information such as lab and X-
ray reports, medical histories, dietary plans, lists of hospital doctors and nurses, and details about
medical supplies and national health registration data. Adopting big data technologies can benefit the
government as a whole. to effectively use and use big data technologies. [13] Because of the enormous
amount and agility of the data, big data computation is essential in data-intensive applications. Involved
our big data processing strategy uses the Spark platform to handle healthcare patient data and related
tasks in parallel. Prior to analysis, Data needs to be allocated to worker nodes to maintain data locality, as
this has a significant impact on execution time. Predicting future diseases, the goal of big data analysis in
healthcare is to benefit patients by examining their health data to identify their health characteristics.
Significant quantities of highly dimensional patient physiological data are produced in a medical context.

MATERIALS AND METHOD

Alternatives: Hope Medical Center Hope Medical Center is dedicated to providing exceptional
healthcare services with a focus on patient-centered care. Our team of experienced doctors, nurses, and
medical staff put forth endless effort to guarantee that each patient receives the best care possible.
Equipped with state-of-the-art medical technology and advanced treatment methods, we strive to offer
compassionate and effective healthcare solutions to our community. Guardian Health Hospital: At
Guardian Health Hospital, we prioritize the well-being and safety of our patients above all else. Our
hospital is known for its world-class emergency care, specialized treatments, and a team of dedicated
professionals committed to improving lives. With a patient-first approach, we ensure that every individual
receives personalized care in a comfortable and supportive environment. Serenity Care Hospital: Serenity
Care Hospital is a beacon of healing and comfort, offering a wide range of medical services designed to
promote holistic well-being. We believe in a balanced approach to healthcare that combines modern
medicine with compassionate patient support. Our hospital is a place where patients can find expert
medical attention while experiencing a soothing and stress-free atmosphere. Evergreen Medical Institute:
Evergreen Medical Institute stands as a center of excellence in medical education, research, and
healthcare services. With a focus on innovation and continuous improvement, our hospital is home to
some of the finest medical professionals in the industry. Whether it's pioneering research, advanced
treatments, or comprehensive healthcare solutions, we are committed to shaping the future of medicine.
Tranquil Springs Hospital: Tranquil Springs Hospital is dedicated to providing a peaceful and healing
environment for all patients. Our expert team of healthcare professionals specializes in both preventive
and curative care, ensuring that individuals receive the best possible treatment. With a focus on mental
and physical well-being, we strive to create a sanctuary where health and recovery go hand in hand.

Evaluation parameter: Reliability: Reliability is the cornerstone of any successful service or
organization. It refers to the ability to consistently deliver quality outcomes, meet expectations, and fulfill
commitments. A reliable institution builds trust by ensuring that services are accurate, dependable, and
timely. Customers and clients rely on reliability to feel secure in their choices, knowing that they will
receive the promised results without unexpected failures or inconsistencies.

Responsiveness: Responsiveness reflects an organization’s ability to react quickly and
efficiently to customer needs, concerns, and inquiries. A responsive service provider values customer
time, addresses issues promptly, and ensures smooth communication. Whether it's handling
emergencies, providing assistance, or adapting to new demands, responsiveness plays a crucial role in
enhancing client loyalty and satisfaction. Assurance and Tangibility: Assurance entails the expertise,
civility, and reliability of service providers that instill confidence in customers. It includes professional
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expertise, polite interactions, and a commitment to delivering quality services. Tangibility, on the other
hand, refers to the physical aspects of a service, such as modern facilities, well-maintained equipment,
and a visually appealing environment. Together, assurance and tangibility contribute to a positive
customer experience by reinforcing trust and comfort.

Empathy: Empathy is the ability to understand and share the feelings of others. In any service-
oriented industry, empathy is crucial for building strong relationships and ensuring customer satisfaction.
It involves actively listening to concerns, recognizing individual needs, and providing personalized care. A
business or organization that values empathy creates a welcoming and supportive atmosphere, making
customers feel valued and respected.

MOORA

Using dimensionless measurement and ratio analysis, the MOORA approach effectively ranks
contractors in an objective manner. Incorporating the maximum objective reference approach into
MOORA may raise some reservations regarding the consumer sovereignty of homeowners. This
sovereignty is assessed using the social indifference manifold of homeowners. The following outcomes
were obtained using the MOORA method: The top three spots went to three contractors, and the fourth
contractor also received a favorable ranking. However, one contractor was ranked very low.[1]The
MOORA method, based on optimizing multiple objectives through ratio analysis, evaluates beneficial and
unbeneficial criteria to rank or select one or more options from a specified group. The high values of the
Spearman's rank correlation coefficient show how useful and applicable these three approaches are in
tackling the sailboat mast material selection problem.[2] Since these objectives have various units, the
MOORA method's dimensionless ratios remove the difficulties associated with normalization. These ratios
are incorporated in the first stage of MOORA and quantified as distances from a reference point in the
second step. The outcomes of the two stages cross-check each other, serving as a robust test. The
following outcomes were obtained using the MOORA method: The top three contractors were three, and
the fourth contractor also received a favorable ranking. One contractor was placed in the lowest rank, and
the remaining ten contractors received lower rankings, although their exact positions are unclear.

Interestingly, the highest-ranked contractors were not the most efficient in terms of cost, which
seems somewhat unexpected.[3] Furthermore, this result allows for the integration of an additional
objective reference point theory. The selection and prioritization of objectives also remain impartial,
provided that all stakeholders reach a mutual agreement. This approach has been implemented across
various counties in Lithuania. To assess well-being, multiple objectives must be achieved simultaneously.
The 16 data points in Table 1 act as attributes that, when optimized to they’re These factors act as
objectives, either maximally or minimally optimized. In this case, MOORA is fully operational.[4] In each of
these cases, the results generated using the MOORA method closely align with previous research
findings, highlighting its applicability, effectiveness, and flexibility in addressing complex decision-making
challenges within contemporary manufacturing systems. To show the applicability and effectiveness of
the MOORA method in solving multi-objective decision-making problems within real-time manufacturing
environments, six illustrative examples are examined.[5]Another study developed a model for assessing
scholarship acceptance by comparing different implementations The application of the MOORA method in
decision-making. Support systems, providing valuable insights into its potential and limitations. The
MOORA method helps users evaluate decision alternatives by considering multiple predefined criteria. It
converts each criterion into a ratio and assigns a relative weight to each (Tang et al., 2019). It then
calculates the relative preference value for each alternative, identifying the best option based on the
highest preference score.

The MOORA system designed for SMA Negeri 1 Manggis is intended primarily to assist the
school in making decisions regarding the selection of students eligible for scholarships, especially in the
categories of academic ability and financial need.[11]We have evaluated three attributes: bandwidth,
latency, and consumption, two of which are qualitative and one quantitative. In this context, bandwidth is
considered a useless attribute, while latency and consumption are considered beneficial attributes. By
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analyzing the LAN network using the MOORA and GRA methods, we concluded that phonetic/mobile
ranked first in both approaches.[12]By applying these methods, the MOORA method's ratio system and
reference point approach can be utilized in uncertain environments. The suggested modification
enhances its effectiveness, allowing it to address a broader range of real-world challenges. Like many
conventional MCDM methods, the MOORA method relies on smooth numbers. However, it is challenging
to accurately represent many real-world problems using smooth numbers alone.[13]It integrates
published DNA sequence data from taxonomic and ecological studies, organizing available metadata into
a user-friendly format.

This study enhances the selection process for MHE by proposing a more efficient and effective
approach utilizing the AHP and MOORA methods. AHP was employed for weighting, while MOORA was
applied to establish the optimal ranking. Seventh step calculates the MOORA multi-objective optimization
score by applying the criterion weights obtained from the AHP process to the MOORA matrix. The ranking
in MOORA is determined by the difference between the weighted benefit and cost criteria for each
supplier. [14,15]Factors contributing to deviations from standards are analyzed, and rational housing
alternatives are evaluated to select the most appropriate option from the available options. This method
effectively integrates fuzzy numbers and multiple fuzzy inputs from decision makers, which are
represented as linguistic variables. This enables economic, performance, and quality factors to be
considered simultaneously.[16]The MOORA method was chosen to address complex mathematical
challenges resulting from multiple conflicting criteria. Multi-objective optimization using ratio analysis
(MOORA) is a technique designed to optimize two or more opposing characteristics simultaneously. It
used to tackle problems involving complex mathematical calculations.[17]However, most of the
correlations were weak and insignificant. Meanwhile, the total coverage of both environmental groups
showed a positive dependence on the level of diffuse radiation.A comparable view of the diversity found
in culture collections of Glomeromycotan may be appropriate. However, it is unlikely that a single field site
would contain a quarter of the global Glomeromycotan taxonomic diversity unless the majority of taxa are
widely distributed worldwide.[18]

RESULTS AND DISCUSSION

TABLE1. Transforming Healthcare Solutions
Reliability | Responsiveness Assurance Empathy
and tangibility
hospital 1 56.00 186.00 49.00 27.00
hospital 2 89.00 254.00 38.00 54.00
hospital 3 57.00 645.00 27.00 84.00
hospital 4 45.00 287.00 16.00 26.00
hospital 5 56.00 354.00 45.00 35.00

The data in Table 1 presents an evaluation of five hospitals based on four key service quality
dimensions: Reliability, Responsiveness, Assurance and Tangibility, and Empathy. Each hospital's
performance varies across these categories, highlighting their strengths and areas for improvement.
Reliability, which reflects the hospital's ability to provide consistent and dependable service, is highest for
Hospital 2 (89.00), indicating strong performance in this area. In contrast, Hospital 4 (45.00) scores the
lowest, suggesting potential concerns regarding dependability. Responsiveness, representing the
hospital's ability to promptly assist patients, varies significantly. Hospital 3 (645.00) demonstrates
exceptional responsiveness, far exceeding the other hospitals. Meanwhile, Hospital 1 (186.00) has the
lowest responsiveness score, indicating a relatively slower response to patient needs. Assurance and
Tangibility, which measure confidence in healthcare services and the physical aspects of the hospital, are
highest for Hospital 1 (49.00) and Hospital 5 (45.00), suggesting they provide a reassuring and well-
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equipped environment. On the other hand, Hospital 4 (16.00) has the lowest score in this category,
indicating potential shortcomings in instilling confidence among patients. Empathy, which reflects the
hospital's ability to provide compassionate and personalized care, is strongest in Hospital 3 (84.00),
suggesting a high level of patient-centered care. Hospital 4 (26.00) and Hospital 1 (27.00) have the
lowest empathy scores, indicating a potential need for improvement in patient engagement and emotional
support.
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100.00
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B Reliability Responsiveness Assurance and tangibility Empathy

FIGUREN1. Transforming Healthcare Solutions

Figure 1 presents a comparative analysis of five hospitals using four key evaluation parameters:
Reliability, Responsiveness, Assurance and Tangibility, and Empathy. The data is visualized in a bar
chart format, demonstrating the varying performance levels of each hospital in these aspects. The chart
indicates that Responsiveness (represented in orange) is the most dominant factor across all hospitals,
with Hospital 3 exhibiting the highest responsiveness score. This suggests that Hospital 3 has the most
efficient Al-driven response system for patient care and service delivery. Hospital 5 and Hospital 2 also
show relatively high responsiveness compared to the other hospitals. In contrast, Reliability (blue),
Assurance and Tangibility (gray), and Empathy (yellow) show lower values across all hospitals, with slight
variations. Hospital 2 scores the highest in Reliability, indicating that its Al-based systems ensure
consistent and accurate performance. Empathy remains a relatively low-scoring parameter across all
hospitals, suggesting that Al-driven healthcare still faces challenges in providing personalized,
emotionally intelligent interactions.

TABLE 2. Table 2 presents the normalized values for four key service quality dimensions—
Reliability, Responsiveness, Assurance and Tangibility, and Empathy—across five hospitals

Normalized Data
Reliability | Responsiveness Assurance and Empathy
tangibility
hospital 1 0.4014 0.2188 0.5918 0.2405
hospital 2 0.6379 0.2988 0.4590 0.4810
hospital 3 0.4085 0.7587 0.3261 0.7483
hospital 4 0.3225 0.3376 0.1932 0.2316
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hospital 5 0.4014 0.4164 0.5435 0.3118

Table 2 presents the normalized values for four key service quality dimensions—Reliability,
Responsiveness, Assurance and Tangibility, and Empathy—across five hospitals. Normalization allows
for a fair comparison by scaling the values relative to the highest observed scores in each category.
Reliability measures the consistency and dependability of the hospital's services. Hospital 2 (0.6379) has
the highest reliability, indicating strong service consistency, while Hospital 4 (0.3225) has the lowest,
suggesting a need for improvement in this area. Responsiveness, which assesses how quickly hospitals
respond to patient needs, is highest for Hospital 3 (0.7587), reinforcing its strong performance in this
category. Hospital 1 (0.2188) has the lowest responsiveness, which may indicate slower response times.
Assurance and Tangibility, which reflect the hospital’s ability to instill confidence in patients and provide a
well-equipped environment, are strongest in Hospital 1 (0.5918) and Hospital 5 (0.5435). Hospital 4
(0.1932) has the lowest score, indicating potential shortcomings in ensuring patient trust and facility
conditions. Empathy, which represents patient-centered care and emotional support, is highest for
Hospital 3 (0.7483), indicating exceptional patient care. Hospital 4 (0.2316) and Hospital 1 (0.2405) have
the lowest scores, suggesting a need for improved compassionate and personalized care.

TABLE 3. Table 3 represents the assigned weights for the four service quality dimensions
Weight
0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25

Table 3 represents the assigned weights for the four service quality dimensions: Reliability,
Responsiveness, Assurance and Tangibility, and Empathy across five hospitals. Each dimension has
been given an equal weight of 0.25 (25%), indicating that all factors are considered equally important in
evaluating hospital performance. This balanced approach ensures that no single factor dominates the
assessment, allowing for a fair evaluation of hospital services. Reliability, Responsiveness, Assurance
and Tangibility, and Empathy each contribute equally to the overall score, emphasizing the importance of
both operational efficiency and patient-centered care. By assigning equal weights, the evaluation does
not favor one dimension over another, ensuring a comprehensive and unbiased comparison of hospital
performance based on multiple service quality aspects.

Table 4. The weighted values reflect the relative importance of each hospital’'s performance in these
dimensions
Weighted normalized DM
Reliability Responsiveness | Assurance and tangibility Empathy
hospital 1 0.1003 0.0547 0.1480 0.0601
hospital 2 0.1595 0.0747 0.1147 0.1203
hospital 3 0.1021 0.1897 0.0815 0.1871
hospital 4 0.0806 0.0844 0.0483 0.0579
hospital 5 0.1003 0.1041 0.1359 0.0779
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Table 4 presents the weighted normalized values for four service quality dimensions—Reliability,
Responsiveness, Assurance and Tangibility, and Empathy—across five hospitals. These values were
obtained by multiplying the normalized data from Table 2 by the equal weights (0.25) from Table 3. The
weighted values reflect the relative importance of each hospital’s performance in these dimensions.
Hospital 1 shows moderate performance across all categories, with its highest score in Assurance and
Tangibility (0.1480) and the lowest in Empathy (0.0601).Hospital 2 performs best in Reliability (0.1595)
and Empathy (0.1203), suggesting strong service consistency and patient-centered care, but it has a
slightly lower score in Assurance and Tangibility (0.1147).Hospital 3 leads in Responsiveness (0.1897)
and Empathy (0.1871), indicating exceptional patient care and fast response times, but has the lowest
score in Assurance and Tangibility (0.0815).Hospital 4 has the lowest values across all categories,
particularly in Assurance and Tangibility (0.0483) and Empathy (0.0579), suggesting potential
weaknesses in patient trust, facility conditions, and emotional support. Hospital 5 maintains a well-
balanced performance, with notable strengths in Assurance and Tangibility (0.1359) and Responsiveness
(0.1041) while showing relatively lower performance in Empathy (0.0779).

Table 5: presents the assessment values for five hospitals, which indicate their overall performance
based on the weighted normalized decision matrix
Assessment value
hospital 1 -0.0531
hospital 2 -0.0008
hospital 3 0.0232
hospital 4 0.0588
hospital 5 -0.0094

Table 5 presents the assessment values for five hospitals, which indicate their overall
performance based on the weighted normalized decision matrix. The values reflect the difference
between beneficial and non-beneficial criteria, helping to determine the hospital ranking. Hospital 3
(0.0232) and Hospital 4 (0.0588) have positive values, indicating strong performance in key service
quality dimensions. Hospital 4 has the highest score, suggesting it performs relatively better overall,
despite its lower individual category scores. Hospital 2 (-0.0008) has a nearly neutral value, meaning its
performance is balanced but does not strongly excel or lag behind significantly. Hospital 1 (-0.0531) and
Hospital 5 (-0.0094) have negative values, suggesting that their overall performance is lower compared to
the other hospitals. Hospital 1 has the most negative value, indicating it may require the most
improvement.
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FIGURE 2. Assessment value

Figure 2 presents a graphical representation of the assessment values for the five hospitals,
illustrating their relative performance based on the evaluation criteria. The x-axis represents the hospital
rankings, while the y-axis displays the corresponding assessment values. From the graph, Hospital 4
demonstrates the highest positive assessment value, securing the best performance among the
evaluated hospitals. Hospital 3 also shows a positive assessment value, ranking second in overall
performance. Hospital 2 has a near-zero assessment value, placing it in the middle of the ranking. In
contrast, Hospital 1 and Hospital 5 exhibit negative assessment values, indicating the lowest performance
in comparison to the other hospitals. The trend in the graph clearly highlights the disparities in hospital
service quality, with Hospital 4 achieving the most favorable assessment and Hospital 1 requiring
significant improvements to enhance its performance. This visualization helps in identifying which
hospitals excel and which need further strategic interventions.

Table 6: presents the final rankings of five hospitals based on their overall assessment
values
Rank
hospital 1 5
hospital 2 3
hospital 3 2
hospital 4 1
hospital 5 4

Table 6 presents the final rankings of five hospitals based on their overall assessment values. A
lower rank signifies better performance, meaning the hospital ranked 1st provides the highest quality of
service, while the hospital ranked 5th has the lowest overall performance. Hospital 4 is ranked 1st,
making it the best-performing hospital in terms of service quality. Despite lower individual scores in some
dimensions, its overall assessment value is the highest, indicating strong performance across critical
service areas. Hospital 3 holds the 2nd position, excelling particularly in responsiveness and empathy,
which suggests that it is highly attentive to patient needs and provides quality care. Hospital 2 is ranked
3rd, demonstrating balanced performance across all dimensions but not standing out in any particular
area. Hospital 5 is ranked 4th, meaning its service quality is lower compared to the top three hospitals,
with room for improvement in key aspects like responsiveness and empathy. Hospital 1 is ranked 5th,
indicating the lowest performance among the hospitals evaluated. This suggests that it needs significant
improvements in service delivery and patient care.
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FIGURE3. Rank

Figure 3 illustrates a 3D bar chart depicting the ranking positions of five hospitals according to
their overall evaluation scores. The x-axis represents hospitals, while the y-axis represents their
respective ranking positions, where a lower rank value signifies better performance. From the chart,
Hospital 4 achieves the best ranking (Rank 1), indicating superior performance in the evaluated criteria.
Hospital 3 follows in second place, while Hospital 2 holds the third position, reflecting an average
performance. Hospital 5 is ranked fourth, and Hospital 1 receives the lowest ranking (Rank 5), suggesting
the least favorable performance. This visualization clearly highlights the differences in hospital service
quality, allowing for easy identification of top-performing hospitals and those that require further
improvements.

CONCLUSION

This study evaluated the performance of five hospitals using the MOORA method, considering
key Service quality factors include reliability, responsiveness, assurance and commitment, as well as
empathy. The analysis involved data normalization, weighted assessments, and ranking of hospitals
based on their overall scores. The results indicate that Hospital 4 demonstrated the highest overall
performance, securing the top rank (1st place), followed by Hospital 3 (2nd place) and Hospital 2 (3rd
place). Hospital 5 and Hospital 1 ranked lower, highlighting areas for improvement in their service quality.
The findings suggest that hospitals with better responsiveness and empathy tend to perform better
overall, emphasizing the importance of patient-centered care. The study underscores the effectiveness of
the MOORA method in multi-criteria decision-making for hospital evaluation, providing a structured
approach to compare service quality objectively. Future research could incorporate additional qualitative
factors and patient feedback to further enhance the robustness of the assessment.
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Balancing Value Creation and Ethics a WPM-Based Study of Al Business
Model Innovation

As artificial intelligence (Al) continues to transform industries and reshape competitive
landscapes, the need for ethical and effective business integration is growing. This study examines how
value capture can be combined with value creation to create commercially sustainable business models,
especially within complex industrial ecosystems. Through a comprehensive literature review, a set of
ethical guidelines, and an in-depth A case analysis of a major Al-driven company in the
telecommunications industry.

This research introduces a conceptual framework that connects innovation, ethical accountability,
and operational performance. This study recognizes the two-fold influence of Al: technologies such as
machine learning, intelligent automation, and predictive analytics are driving major progress. Offer
significant opportunities for process optimization and innovation; on the other hand, they introduce
complex ethical, organizational, and managerial challenges by using multi-criteria decision-making
methods such as the Weighted Product Model (WPM), this research introduces a comprehensive
evaluation framework for evaluation. the business value of Al. Additionally, the findings illustrate how Al is
transforming key functions such as back-office automation, while enabling new business models and
reshaping B2B dynamics. Here's a shorter version of that sentence.

This highlights the critical need for collaborative partnerships between governments, industry
players, and civil society to ensure that the benefits of Al are shared fairly across all sectors. Let me know
if you'd like a more concise or formal version The paper emphasizes the guiding principles of
transparency, accountability, fairness and sustainability as central to responsible Al use. Finally, the
paper contributes to a broader conversation on Al ethics and governance by providing actionable insights
and strategic guidance. It calls for the development of flexible, ethically informed and innovation-driven Al
business models that can thrive in the evolving landscape of the Fourth Industrial Revolution, ensuring
business viability and positive social impact.

Keywords: Ethical Al Governance, Al Business Models, Multi-Criteria Decision Making (MCDM), Sect
oral Interoperability in Al, Artificial Intelligence and Sustainability.
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INTRODUCTION

These guidelines provide ethical The Al system focuses on providing guidance to developers,
policymakers, and other stakeholders, minimizing the risks and maximizing the benefits of Al deployment.
Typically shared through research articles, reports, policy statements, or similar documents, they are
often prescriptive. These guidelines are part of a broader body of literature and ongoing dialogue on Al
ethics, incorporating combining Insights and analysis provided by experts, specialists and advocates from
sectors including industry, academia, government and civil society.[1] Given the gaps in current research
and identified practical challenges, this study aims to explore how Al providers balance value creation
and value capture to create commercially viable Al business models. The proposed framework highlights
the key functions that enhance these aspects and provides a deeper understanding of their interactions.
To investigate this, an in-depth case study of a major Al provider in the telecommunications industry is
conducted. [2] This introduction explores how Al impacts business growth, emphasizing both the
opportunities it offers and the challenges it introduces. Business leaders and entrepreneurs are
increasingly acknowledging the transformative potential of Al. By automating routine tasks, leveraging
machine learning algorithms, and analyzing vast data sets, Al helps organizations extract insights,
improve decision-making, and improve operational efficiency. [3] Al start-up Work Fusion is pursuing a
similar strategy by working with companies to introduce advanced automation in back-office tasks such
as processing international invoices and settling large trades between financial institutions. [4] The
widespread availability of extensive, diverse, and rapidly growing data, commonly referred to as Big Data,
has led to significant interest in Al applications. This has led to significant progress in the development of
methods based on computation, calculation, research, and intelligent algorithms, which impact both
businesses and society.

This study seeks to propose a conceptual model for the commercial implementation of Al through
a systematic literature review, using text mining and machine learning techniques. [5] This paper explores
the question: How are established manufacturing companies using Al to drive business model innovation
within industrial ecosystems? To address this, we use a qualitative approach by examining four major
global manufacturing companies that are transforming their business models using Al. [6] While the
potential value of Al in B2B marketing is increasingly recognized in research, efforts to synthesize the
existing literature have been limited. This gap is concerning because findings from individual studies are
often limited, and there is a lack of comprehensive management guidance to help organizations
effectively integrate Al as a driver of innovation into their B2B marketing strategies. [7] Incorporating
artificial intelligence (Al) into business models represents a major shift in how organizations operate and
plan strategically.

Al-driven business models use Al technologies to improve, redefine, or create new aspects of a
company's operations, products, or services. [8] The results of this study will provide important insights
into Al developments and their broader implications for businesses and society. In addition, this research
will shed light on how Al is set to reshape research and development, business operations, and the global
economy. These findings will help countries prepare for the widespread adoption of Al technologies. [9] In
the business world, Al is often associated with machine learning, predictive analytics, and intelligent
automation. These technologies empower businesses to analyze large datasets with remarkable speed
and accuracy. Ashamed and Al-Bait (2022) propose the idea of augmented analytics (AA), which refers to
Integration of artificial intelligence (Al) and business intelligence (Bl). [10] Computer scientist Pedro
Domingo’s clarifies the connection between these concepts by saying, “Al is the destination; Al is the
planet we are going to; machine learning is the rocket that will take us there. And big data is the fuel”
(Koenig, 2016, p.29). If we add deep learning to this comparison, it can be described as the most
advanced rocket within the rocket family. [11] For example, Al can help solve problems and drive
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innovation in B2B relationships (Adams & Hamm, 2010). However, its indirect impact can limit
opportunities for personal interaction, hindering collaborative creativity.

This can lead to stagnation within B2B relationships, which is a major concern among the darker
aspects of such connections (Anderson & Job, 2005). Similarly, block chain technology can have both
positive and negative effects. [12] Proponents of artificial intelligence (Al) argue that it has significant
potential, with some applications already proving their effectiveness and value. However, Al's inherent
power also poses significant risks. Early threats primarily affect organizations that develop and implement
Al-powered tools and systems. [13] With the advent of the Fourth Industrial Revolution (Schwab, 2016),
artificial intelligence (Al) and machine learning (ML) are becoming central to the automation of a wide
range of business functions — from optimizing transportation logistics to evaluating loan applications
without human involvement. These technologies are expected to provide a more cost-effective alternative
to human labor (Catelli, Manzoni & Popover, 2017). However, they also come with their own challenges.
[14] Artificial intelligence (Al) is revolutionizing business, economics, and society by changing how
experiences and relationships are formed between stakeholders and citizens. The origins of Al can be
found in ancient civilizations such as Greek mythology (e.g., the robotic figure Tales), Chinese legends
(e.g., Huang’'s floating mechanical dogs), and other mythologies (Anodal & Disk, 2013), where
automatons were believed to have real minds, endowed with wisdom and emotion. [15] The widely used
multi-dimensional analysis (MCDA) and multi-dimensional decision-making (MCDM) methods have
techniques such as weighted product modeling (WPM). The main difference lies in the use of
multiplication as the central mathematical operation instead of addition. This research aims to propose a
customer-centric CS evaluation approach to support the development of customized products.

MATERIALS AND METHODS
Alternatives:

Government: A government is an organization or group of individuals responsible for governing
an organized society, usually a state or nation, with the authority to make and enforce laws as well as to
provide essential public services.

Intergovernmental: In the United States, most domestic policies and programs are carried out
through a joint intergovernmental system that includes federal, state, and local governments. Currently,
each level of government deals with fiscal constraints that greatly limit their policy choices in the short
term.

Private Sector: The private sector consists of businesses and institutions that are owned and
operated by individuals or private companies, not by the government, and that are primarily focused on
making a profit.

Civil Society: Civil society refers to the sphere of economic relations within modern industrial
capitalist society, which has developed at a certain stage of capitalism to support its core values of
individual rights and private property.

Multi stake holder: Multi-stakeholder governance is a management approach that involves
bringing together diverse stakeholders to engage in dialogue, make decisions, and collaboratively
implement solutions to shared challenges.

Evolutions

Fairness: Fairness refers to the quality of treating others equally or fairly and justly. He had a
strong sense of justice and greatly hated injustice.
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Accountability: Accountability is the assurance that a person or organization is judged on their
actions or performance in relation to the duties they are expected to perform. Although closely linked to
responsibility, it emphasizes the aspect of supervision and evaluation.

Sustainability: Sustainability is the ability of a society to thrive and progress without wasting the
natural resources needed by future generations. Sustainable development advances this goal by
establishing systems, structures, and supports at global, national, and local levels.

Transparency: Transparency is the quality of acting openly and honestly, without hiding
information or keeping secrets. For example, people often call for more transparency in government.

WPM METHOD

[16] Weighted Product Model (WPM) is a widely recognized method in multi-criteria decision
making (MCDM) and multi-criteria decision analysis (MCDA). While the two approaches share similarities,
WPM differs primarily in that it uses multiplication rather than addition in its calculations. This technique is
considered a straightforward alternative to the Simple Additive Weighting (SAW) method. More details
about WPM can be found in the MCDM eBook. In this framework, an MCDA problem is typically
characterized by *m* alternatives and *n* evaluation criteria.[17] We use a weighted distribution approach
that prioritizes the most impactful criteria, determined by sensitivity analysis of the weighted product
model (WPM), given the user's current state. This approach has been successfully applied in many
decision-making situations. Our evaluation is based on a comparison between WPM and TOPSIS. WPM
is an early and straightforward method in multi-criteria decision making (MCDM), closely parallel to the
weighted sum model (WSM).

The main difference between the two methods lies in their main mathematical operations: WSM
uses addition as the primary operation, while WPM relies on multiplication. [18] Advanced computing
technologies are increasingly being incorporated into various industries to improve efficiency and
capabilities. One such technology that has been widely adopted in recent years is the Internet of Things
(lota), which supports a future where interconnected devices communicate and collaborate with each
other for automation. [19] Next, we perform a hierarchical cluster analysis using a taxonomy developed
from a sample of 100 Al startups to identify four distinct prototypical business model patterns. These
patterns represent common business model structures commonly found among Al startups in real-world
situations. [20] A business is an entrepreneurial entity or organization consisting of people and resources
engaged in professional, commercial, or industrial activities with the aim of generating financial profit. It
can be considered the foundation of the modern economy. [21] Atrtificial Intelligence (Al) is transforming
business, economics, and society, reshaping the ways in which stakeholders and individuals interact and
build relationships. The origins of Al can be found in ancient myths from Chinese, Greek, and other
civilizations, where automatons were thought to have real minds, capable of thinking and feeling. [22]
Artificial intelligence (Al) is the simulation of human intelligence in machines designed to think and
behave like humans. These systems are typically designed to perform tasks that require human cognition,
such as visual perception, speech recognition, decision-making, and natural language understanding. [23]
A key challenge in entrusting decision-making to Al instead of humans lies in accountability.

When Al makes bad decisions, managers remain responsible for the consequences. This
accountability poses significant management challenges for the organization, especially when mistakes in
decision-making lead to broad, lasting, and irreversible legal, ethical, financial, and strategic implications.
[24] The aim of this paper is to address the existing research gap by exploring the potential of combining
Al and block chain for business applications. In particular, it focuses on identifying unique research
opportunities in this emerging field and showing how the integration of Al and block chain can provide
benefits across multiple industries in the Industry 4.0 landscape. [25] Knowledge is acquired through
organizational learning, which can then be converted into value. We have divided this process into three
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stages — learning, research and development (R&D), and value creation. This investigation is driven by
three key research questions (RQs) that focus on how to create business value from Al. [26] Advances in
Al and deep learning have made major advances in the field of predictive analytics. Playing a key role in
predicting future trends, consumer behaviors, and operational efficiencies. Backed by these advanced
technologies, predictive analytics helps organizations anticipate market changes, refine marketing
strategies, and improve operational efficiency with remarkable accuracy. [27] The rapid development of Al
forces us to openly discuss ethical standards and responsible implementation; without this, innovation
risks being undermined by a lack of accountability. The media has a significant impact on how the public
perceives artificial intelligence (Al).often fostering excitement that, over time, can overshadow ethical
considerations.

As consumers of information, our judgments are influenced by how the technology and its
implications are presented. [28] Intelligent technologies, including generative Al, are providing business
consultants with innovative ways to engage with clients and address challenges. As consulting firms have
evolved into professional services firms, there has been a shift towards prioritizing depth over breadth in
service offerings. This focus on customization and tailored solutions has become critical to maintaining a
competitive advantage with clients. [29] As we imagine a future where humans and Al work together for
creative purposes. we will explore the potential impact of generative models on existing businesses [40,
41, 51, 53, and 60] and the potential for creating new ones. While advances in deep fake and generative
Al for media and art have recently captured public interest and imagination [2, 23, 27, 28, 45], the broad
application of these technologies in business is still in its early stages.[30]

RESULT AND DISCUSSION

TABLE 1 : Different sectors are collaborating on Al business across four key
areas using the WPM methodology

Fairness | Accountability | Sustainability | Transparency:
Government 43.00 33.10 55.00 77.22
Intergovernmental 55.00 66.00 77.00 98.00
Private Sector 34.00 88.00 99.00 35.00
Civil Society 66.00 56.00 88.70 39.00
Multistakeholder 18.00 59.00 30.00 59.10

The table highlights how different sectors are collaborating on Al business across four key areas
using the WPM methodology: fairness, accountability, sustainability, and transparency. Intergovernmental
organizations perform strongly overall, particularly in transparency (98.00) and sustainability (77.00). The
private sector stands out in accountability (88.00) and sustainability (99.00), while civil society shows
significant strength in fairness (66.00) and sustainability (88.70)
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Figure 1, using the WPM methodology, shows how different sectors are engaging in Al business,
focusing on fairness, accountability, sustainability, and transparency. Intergovernmental and civil society
groups rank highest on sustainability, while the private sector scores best on accountability.
Intergovernmental organizations also lead in transparency, demonstrating effective international
cooperation on ethical Al practices.

Table 2: highlights the interoperability of different sectors in the Al business through
performance values derived from the WPM method

Performance value
Government 0.65152 0.37614 0.54545 0.45325
Intergovernmental 0.83333 0.75000 0.38961 0.35714
Private Sector 0.51515 1.00000 0.30303 1.00000
Civil Society 1.00000 0.63636 0.33822 0.89744
Multistakeholder 0.27273 0.67045 1.00000 0.59222

Table 2 highlights the interoperability of different sectors in the Al business through performance
values derived from the WPM method. Civil society ranks highest in fairness, while the private sector
excels in both accountability and transparency. The multi-stakeholder sector demonstrates strong
sustainability performance, demonstrating the complementary strengths of different actors in advancing
ethical

Table 3: illustrates the interoperability of sectors in the Al business through the WPM method

Weight

Government 0.45 0.45 0.45 0.45
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Intergovernmental 0.45 0.45 0.45 0.45
Private Sector 0.45 0.45 0.45 0.45
Civil Society 0.45 0.45 0.45 0.45
Multistakeholder 0.45 0.45 0.45 0.45

Table 3 illustrates the interoperability of sectors in the Al business through the WPM method,
using equal weights for all criteria All sectors, including government, intergovernmental, private, civil
society, and multi-stakeholder, are An equal weight of 0.45 was assigned, reflecting the balanced
importance of fairness, accountability, sustainability, and transparency in assessing Al

Table 4: The Weighted Product Model (WPM) approach demonstrates the interconnectedness of
disciplines in the Al field through a weighted normalized decision matrix

Weighted normalized decision matrix

Government 0.64403 0.76127 0.70041
Intergovernmental 0.87857 0.65431 0.62919
Private Sector 1 0.58434 1
Civil Society 0.81596 0.61396 0.95247
Multi stake holder 0.83535 1 0.78998

Table 4 The Weighted Product Model (WPM) approach demonstrates the interconnectedness of
disciplines in the Al field through a weighted normalized decision matrix. By using equal weights, the
matrix enables a balanced assessment of performance in fairness, accountability, sustainability, and
transparency - providing a clear view of ethical Al practices and encouraging collaborative decision-
making.
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Figure 2 illustrates sect oral interoperability in Al business through A structured matrix in which
decision criteria are first normalized and then assigned specific weights is used, followed by a weighted
product model (WPM) approach To evaluate and differentiate between different options according to
comparative performance.. The private sector shows the best performance in fairness and transparency,
while the multi-stakeholder sector stands out in accountability. These findings emphasize the strengths of
different sectors and underscore the value of cross-sect oral collaboration in promoting responsible Al.

Table 5: highlights the interoperability of sectors in the Al business through priority scores and rankings
using the WPM methodology
Preference Score&
Rank

Government 0.34340 5
Intergovernmental 0.36169 4
Private Sector 0.58434 2

Civil Society 0.47715 3
Multistakeholder 0.65991 1

Table 5 highlights the interoperability of sectors in the Al business through priority scores and
rankings using the WPM methodology. The multi-stakeholder sector takes the top spot, indicating the
best overall performance followed by the private sector and civil society. This shows the unique role and
collective value of each sector in promoting ethical Al practices.
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Figure 3 presents sect oral interoperability in Al business based on preference scores and
rankings derived from the WPM method. The multi-stakeholder sector achieves the highest performance,
followed by the private sector and civil society. The lower rankings for the government and
intergovernmental sectors indicate varying levels of impact, emphasizing the need for collaborative efforts
in ethical Al.

CONCLUTION

Integrating artificial intelligence (Al) into business strategies and operations has become a
defining feature of the Fourth Industrial Revolution. As Al technologies continue to evolve, they are
increasingly used to foster innovation, improve efficiency, and more. Creating value across a range of
sectors is becoming increasingly important. However, this rapid change brings with it a number of ethical,
organizational, and technological challenges that need to be thoughtfully addressed. This paper examines
how businesses—particularly those developing Al technologies—can effectively balance value creation
and capture in a commercially sustainable and ethically sound manner. By examining various case
studies and academic research, the analysis emphasizes that the true value of Al extends beyond simple
automation and data manipulation. It also lies in its ability to facilitate new business models, reshape
relationships among stakeholders, and promote core values such as sustainability, transparency,
fairness, and accountability.

These fundamental principles are critical to the responsible adoption of To achieve its sustainable
success in business and social environments, artificial intelligence must be thoughtfully developed and
managed. Innovations such as augmented analytics, predictive modelling, and intelligent automation
demonstrate how Al is already being used to gain competitive advantage. However, to ensure that the
benefits of Al are shared fairly, such progress must be supported by ethical guidelines and inclusive
governance structures. Furthermore, the study emphasizes the need for robust conceptual and
operational frameworks that link the The technical capabilities of Al and its implementation in real-world
situations’ automating administrative tasks to using advanced machine learning in manufacturing, the
examples presented illustrate both the significant opportunities and complex barriers to Al adoption.
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Advanced computational tools such as big data analytics, deep learning, and weighted product

modelling (WPM) underscore the need for a comprehensive approach when assessing the business
impact of Al. Ultimately, this research adds to the ongoing dialogue around Al ethics, governance, and
innovation by providing valuable perspectives for stakeholders in government, industry, and civil society.
By recognizing both the opportunities and risks of Al, this work supports a balanced and ethically
informed path — one that ensures that Al's implementation supports not only business goals but also
broader societal well-being. As Al continues to redefine the global economic landscape, there is a
growing urgency for responsible and adaptive business models.
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Gray relational analysis of contemporary Al platforms: benchmarking
performance across multiple domains

This study provides a comprehensive analysis of artificial intelligence (Al) technologies using the
Gray Relational Analysis (GRA) method to evaluate and rank various Al platforms and tools. The
research examines four key dimensions: edge Al application, auto ML advancements, federated learning,
and quantum machine learning across six major platforms: Tensor Flow, PyTorch, Amazon Web
Services, Google Cloud Al, Computer Vision, and Microsoft Co-Pilot. Through systematic normalization
and calculation of Gray relation coefficients, this study provides quantitative insights into the relative
strengths and performance of each platform. The results reveal PyTorch as the leading platform with the
highest Gray Relational Grade (GRG) of 0.6048, particularly excelling in edge Al applications and
federated learning. Tensor Flow and Computer Vision came in second with GRGs of 0.5889, with Tensor
Flow showing particular strength in quantum machine learning.

Amazon Web Services ranked fourth (GRG: 0.5871), with Google Cloud Al and Microsoft Go-
Pilot ranked fifth and sixth with GRGs of 0.5500 and 0.5480, respectively. The analysis shows that no
single platform dominates across all categories, highlighting the unique nature of different Al
technologies. The competitive GRG scores across all platforms indicate a robust technology ecosystem
with diverse strengths and capabilities. These findings provide valuable guidance for organizations and
practitioners in selecting Al platforms based on specific needs and use cases. The study also highlights
the dynamic nature of the Al technology landscape, with continuous innovation driving progress across all
platforms. This research contributes to understanding current Al capabilities and provides a
methodological framework for evaluating Al technologies using the GRA methodology.

Keywords: Tensor Flow, PyTorch, Amazon Web Services, Google Cloud Al, Computer Vision,
Microsoft Co-pilot, Edge Al deployment, Auto ML advancements, Federated learning and Quantum
machine learning.
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INTRODUCTION

An intelligent agent, a type of artificial intelligence software, engages with its surroundings. It
senses the state of the environment using sensors and influences it through actuators. A key aspect of Al
is the agent's control principle, it describes how inputs from sensors are converted into outputs for
actuators. The conversion of sensors to actuators is achieved by a function within the agent. The primary
goal of Al is to create machines with human-like intelligence [1]. As Henry Ford explained with his
analogy, innovation is not always about improving existing rules like making horses faster. Rather, it
involves thinking beyond conventional boundaries to create entirely new approaches. Instead of focusing
on making horses faster, create an automobile that surpasses the horse in speed and efficiency, Helps
you travel from point A to point B faster. This mind-set and approach has been the foundation of
technological progress for many years, especially in the field of education [2]. Although widely used, Al
does not have a universally accepted, clear, and precise definition. Machine learning, which focuses on
learning, is considered a fundamental subfield of Al, although it is not the same field, and the terms are
sometimes used interchangeably. From an industrial perspective, Al technologies help systems sense
their surroundings, analyse data, tackle complex challenges, and improve their performance on specific
tasks by learning from experience. [3].

Artificial intelligence combines computer science with physiological principles. Essentially,
intelligence refers to the computational aspect of achieving goals in the real world. Al aims to solve
complex problems similar to human problems, but accomplishes this in a much shorter time. This ability is
what gives it the name artificial intelligence [4]. As the global population continues to grow, it is essential
to re-evaluate agricultural practices and explore innovative strategies to improve and sustain agricultural
operations. These insights help select the most suitable crops each year and specify planting and
harvesting periods that are suitable for a particular area, this will reduce the use of water, fertilizers, and
pesticides, leading to higher crop yields [5]. Artificial intelligence (Al) refers to computational technologies
designed to replicate processes commonly Related to human intelligence, such as reasoning, deep
learning, adaptability, communication, and perceptual understanding. Al is slowly revolutionizing medical
practice. It has numerous applications in various medical fields including medicine, diagnostics,
rehabilitation, surgery, and prognostic procedures.

Additionally, medical decision-making and disease diagnosis are other important areas where Al
can have a significant impact [6]. In contrast, artificial intelligence (Al) serves as a predictive tool. In
healthcare, Al has received significant attention for its use in areas such as disease diagnosis, treatment
planning, patient monitoring, drug discovery, gene function annotation, automated testing, and data
collection. [7]. Al is broadly defined as "a field of study that integrates computer science, engineering, and
related disciplines to create machines capable of exhibiting behaviours that require human-like
intelligence." To achieve this, Al uses a variety of techniques within its field of study. Simulate the human
brain and address complex challenges using unstructured data. [8]. This growth has resulted in the
emergence of a large number of domain-specific and context-specific approaches to explain machine
learning (ML) models and provide human-readable explanations. Unfortunately, this trend continues, and
much of the knowledge in this area remains fragmented and needs to be organized.
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The purpose of this article is to present a comprehensive review of the research in the field of XAl
and to attempt to establish some clear boundaries within the field [9]. The main advantages of using
computational methods to automate financial investment include the elimination of "temporal irrationality”
(emotional decision-making), the ability to detect and analyse patterns that humans may miss, and the
ability to instantly process real-time information. This field of study is called computational finance. [10].
Industrial Al refers to artificial intelligence designed for specific applications within the manufacturing
sector. It includes various machine learning applications, such as recognizing patterns in highly nonlinear
data, analysing unstructured data, ensuring reliability in repetitive tasks, providing fast computational
performance, and providing high level of detail, among other critical success factors. These patterns can
be difficult to detect due to strong nonlinear relationships [11]. Artificial intelligence is a key part of
computer science in the age of big data with machine learning being its most widely recognized subset.
Recently, machine learning has received considerable attention in transportation engineering, particularly
in traffic congestion forecasting [12]. These models analyse and learn patterns and structures within their
training data, which in turn help them generate new data with similar properties.

This article provides a comprehensive review focusing on the main applications, architectural
variations, and performance of generative Al models [13]. The post-genomic era is defined by two main
factors: first, the enormous amount of biological data available worldwide makes it necessary to develop
appropriate tools and methods for modelling biological processes and analysing biological sequences
[14]. the goal of new technologies is usually to simplify, improve accuracy, speed up, or reduce the cost of
specific processes. For example, Al can help smart devices or computers understand text, read it aloud,
recognize and respond to voices, interpret images, identify objects, and predict future events based on a
series of actions. In more advanced stages, Al is used to analyse human and social behaviour by
observing events such as graduation ceremonies and other activities. [15].

2. MATERIALS AND METHOD

Tensor Flow: Tensor Flow provides a flexible framework that allows developers to run models on
a variety of platforms, from desktops to mobile devices, and supports neural network training, data
analysis, and prediction tasks.

PyTorch: It is widely used to build neural networks and conduct machine learning research. With
its dynamic computational graph, PyTorch offers flexibility and ease of use, making it a preferred tool
among researchers and developers in Al and deep learning.

Amazon Web Services: Amazon Web Services is a comprehensive cloud computing platform
offered by Amazon. It provides businesses and developers with a variety of services, including computing
power, storage, databases, machine learning, and analytics. AWS enables scalable, flexible, and cost-
effective solutions for a variety of industries, supporting cloud-based applications and infrastructure.

Google Cloud Al: It provides pre-built models and APlIs for natural language processing, vision,
speech recognition, and translation. Google Cloud Al helps businesses integrate Al into applications,
improving efficiency, automation, and data-driven decision-making.

Computer Vision: It covers tasks such as image classification, object detection, facial
recognition, and motion analysis. Computer vision is widely used for automation and analysis in industries
such as healthcare, automotive, security, and retail.

Microsoft Co-pilot: It uses large language models to help users by creating content, automating
tasks, summarizing information, and providing insights. Co-Pilot improves productivity, streamlines
workflows, and helps users manage everyday tasks and projects more effectively.
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Edge Al deployment: Edge Al application involves using artificial intelligence algorithms and
models directly on edge devices such as smartphones, cameras, and sensors, instead of relying on cloud
computing. This approach allows for faster decision-making, reduced latency, improved privacy, and more
efficient data processing, especially in remote or real-time applications.

Auto ML advancements: Advances in the field of Auto ML focus on simplifying the machine
learning process by automating model selection, feature engineering, and hyper parameter tuning tasks.
This makes machine learning accessible to non-experts, accelerates development, and improves the
efficiency of building and deploying Al models across industries.

Federated learning: Each device performs local calculations and sends only model updates to
the central server, improving privacy, reducing data transmission costs, and facilitating collaborative
learning in distributed networks.

Quantum machine learning: It uses quantum properties such as superposition and
entanglement to improve data processing, optimization, and pattern recognition, presenting potential
advances in fields such as drug discovery, cryptography, and artificial intelligence.

GRA Method

RAS transcription factors act as essential regulators in the development of roots and shoots and
have been consistently linked to enhanced resistance to abiotic stresses. In addition, numerous other
genes have been identified as contributing to positive plant stress responses. Plant-specific transcription
factors, such as GRAS proteins, play important roles in phytohormone pathways and their interactions
[16]. The GRA method, a mathematical approach for analysing and optimizing complex systems with
numerous interacting parameters, has proven to be a useful tool for achieving these goals. The optimal
composition of AA7075-based alloys is evaluated under various hardening conditions using the GRA
method to achieve improved mechanical and wear resistance properties [17]. An optimization evaluation
model for concrete reinforcement projects has been developed by integrating the G1 method with GRA.
Evaluating the advantages and disadvantages of various reinforcement methods based on factors such
as technical conditions and layer compatibility. The proposed model is further validated through its
application in real-world construction projects [18]. This paper explores the feasibility of project
construction by introducing an integrated model that simultaneously combines fuzzy analytical hierarchy
process and gray relation analysis.

This approach enables the use of both expert insights from experienced professionals,
particularly in energy sector project management, and real-world data applicable to each proposed route.
The shortest route is often considered optimal due to the minimal need for pipelines and pumping
stations, but the integrated approach presented in this study challenges this assumption by taking into
account environmental and socio-economic factors [19]. Although some scholars have made significant
contributions to the study of coal-gas mix transition disaster prediction, most of the research remains
qualitative. The use of quantitative methods in predicting coal-gas mix transition disasters is rarely
documented. To overcome this problem, a method for predicting dynamic coal-gas mixture disasters
based on the GRA-PCA-BP model was proposed, using mathematical techniques for predicting coal-gas
and rock explosions. This model has been validated and provides promising results [20]. The
Mahalanobis distance method has been introduced with distance difference analysis for sag source
identification. In addition, the combination of traditional GRA and entropy weighting method has also been
used for the same purpose. GRA is a useful tool for analysing uncertain systems with limited data and
information, and is frequently used in fields such as GIS quality assessment, short-term load forecasting,
and transformer condition assessment [21].

This research paper highlights the important factors affecting the collapse of soft rock mines,
including surrounding rock strength, rock mass integrity, groundwater level, tunnel depth, excavation
method, support strength, and primary support closure time. Furthermore, a predictive model for the
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collapse risk of soft rock tunnels based on extension theory is developed. [22]. This method uses gray
correlation analysis (gray reflection analysis) to identify relationships between features in power data. By
integrating these dependency relationships into the forest construction process of | Forest, outliers can be
detected very quickly, which improves the stability of the algorithm and improves both detection accuracy
and efficiency [23]. GRA-Taguchi vertical array was used to determine the optimal levels of various
process parameters in EDM, which improved the performance characteristics of the EDM process. By
combining Taguchi with gray correlation analysis to obtain gray correlation quality, it was possible to
evaluate and improve several responses in the non-formaldehyde resin finishing process [24]. The
problem mentioned here does not arise when GRAS adjustment is performed by solving the
corresponding nonlinear optimization problem with a suitable solver such as GAMS, where only the
objective function and system constraints need to be defined. [25]. the traditional GRA method, the
intuitionistic fuzzy GRA method, and the Pythagorean fuzzy GRA method all face challenges when
addressing spherical linguistic fuzzy MADM problems with completely unknown weight information. [26].

There is no consensus on the most effective method for determining the order of a set of single-
valued neutrosophic rug lentic fuzzy elements. In addition, we introduce various distance and similarity
measures based on three basic approaches: the geometric distance model, the set-theoretic approach,
and matching function methods. [27]. in the healthcare sector, there is limited research investigating the
relationship between patient satisfaction and the five dimensions of medical service quality. Furthermore,
some researchers have combined GRA models with other fuzzy methods for clinical diagnosis under
uncertainty to address challenges related to medical waste disposal. [28]. Traditional GRA methods are
not adequate to solve the aforementioned intuitively ambiguous MADM problems with incomplete weight
information, which presents a significant challenge. To address this, we extended the GRA concept and
developed an algorithm to deal with MADM problems involving intuitively ambiguous information, where
attribute weights are partially unknown and attribute values are represented as intuitively ambiguous
numbers [29]. Gray relational analysis, a part of Gray systems theory, is very useful for decision-making
processes involving complex interactions between various factors and variables. Despite its successful
application in network selection, GRA still faces the problem of rank inversion [30].

3. ANALYSIS AND DISCUSSION

TABLE 1. Artificial intelligence review

Edge Al Auto ML Federated Quantum
. machine
deployment advancements learning | .
earning

Tensor Flow 0.25 0.29 0.97 0.11
PyTorch 0.96 0.16 0.12 0.59
Amazon Web
Services 0.33 0.99 0.16 0.37
Google Cloud Al 0.78 0.37 0.56 0.67
Computer Vision | 0.45 0.80 0.24 0.27
Microsoft Co-pilot | 0.29 0.28 0.22 0.25

Table 1 provides a review of various artificial intelligence (Al) technologies based on the GRA
(Gray Relational Analysis) method, focusing on different areas such as edge Al application, Auto ML
advancements, federated learning, and quantum machine learning. The values indicate the relative
quality of the different technologies, where Tensor Flow, PyTorch, and major platforms such as Amazon
Web Services and Google Cloud Al are compared for four key areas. In particular, PyTorch shows strong
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importance for edge Al application with a score of 0.96, while Tensor Flow leads in federated learning
with a score of 0.97, highlighting the strengths of each in different Al applications.

Artificial intelligence review

1.20
1.00
0.80
0.60
040 ;
0.20
0.00
TensorFlow PyTorch  Amazon Web Google Cloud Computer Microsoft
Services Al Vision Copilot
Edge Al deployment —@— AutoML advancements
== Federated learning === Quantum machine learning

FIGURE 1. Artificial intelligence review

Figure 1 provides a review of artificial intelligence technologies using the GRA methodology. It
compares various platforms and techniques such as Edge Al usage, Auto ML advancements, Federated
learning, and Quantum machine learning across various tools such as Tensor Flow, PyTorch, Amazon
Web Services, Google Cloud Al, Computer Vision, and Microsoft Co-pilot, with numerical values reflecting
their performance or relevance in each category.

TABLE 2. Normalized Data

Normalized Data

Edge Al Auto ML Federated Quantum machine

deployment advancements learning learning
Tensor Flow 0.0000 0.1587 0.0000 1.0000
PyTorch 1.0000 0.0000 1.0000 0.1429
Amazon Web
Services 0.1127 1.0000 0.9529 0.5357
Google Cloud
Al 0.7465 0.2548 0.4824 0.0000
Computer
Vision 0.2817 0.7716 0.8635 0.7143
Microsoft Co-
pilot 0.0563 0.1466 0.8824 0.7500
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Table 2 presents normalized data comparing various Al technologies in four key areas using the
GRA method: Edge Al application, Auto ML advancements, federated learning, and quantum machine
learning. The normalized values range from 0 to 1, indicating the relative performance of each platform in
these categories. For example, Tensor Flow excels in quantum machine learning (1.0000), but performs
poorly in Edge Al application and federated learning (0.0000). PyTorch shows strong performance in
Edge Al application and federated learning (1.0000). Other platforms, such as AWS and Microsoft Co-
pilot, show varying strengths in different Al applications.

Normalized Data

1.0000
0.8000 ‘I II
0.6000

0.4000
0.2000 I I
0.0000 . -l

TensorFlow PyTorch  Amazon Web Google Cloud Computer Microsoft

Services Al Vision Copilot
B Edge Al deployment B AutoML advancements
B Federated learning Quantum machine learning

FIGURE 2. Normalized data

Figure 2 shows normalized data for various Al platforms across four domains: Edge Al
applications, Auto ML advancements, federated learning, and quantum machine learning. The GRA
method is used with values ranging from 0 to 1. Tensor Flow leads in quantum machine learning, while
PyTorch excels in Edge Al applications and federated learning. Other platforms, such as AWS and
Computer Vision, show mixed performance across different Al domains.

TABLE 3. Deviation sequence

Deviation sequence

Edge Al | Auto ML | Federated Quantum machine

deployment advancements learning learning
Tensor Flow 1.0000 0.8413 1.0000 0.0000
PyTorch 0.0000 1.0000 0.0000 0.8571
Amazon Web
Services 0.8873 0.0000 0.0471 0.4643
Google Cloud Al| 0.2535 0.7452 0.5176 1.0000
Computer Vision| 0.7183 0.2284 0.1365 0.2857
Microsoft Co-
pilot 0.9437 0.8534 0.1176 0.2500
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Table 3 presents the deviation order using the GRA method, which measures the differences in
performance across four Al technologies: edge Al application, auto ML advancements, federated
learning, and quantum machine learning. The deviation order values indicate the variance from the best
solution, where a higher value indicates a greater deviation. Tensor Flow shows minimal deviation in
federated learning and quantum machine learning, while PyTorch shows significant deviation in quantum
machine learning. Amazon Web Services and Google Cloud Al have moderate deviation values across
categories, while Computer Vision and Microsoft Co-pilot show highly balanced deviations across all
areas.

TABLE 4. Grey Relation Coefficient

Grey relation coefficient

Edge Al Auto ML Federated Quantum machine

deployment advancements learning learning
Tensor Flow 0.3333 0.3728 0.3333 1.0000
PyTorch 1.0000 0.3333 1.0000 0.3684
Amazon  Web
Services 0.3604 1.0000 0.9140 0.5185
Google Cloud Al | 0.6636 0.4015 0.4913 0.3333
Computer Vision | 0.4104 0.6865 0.7856 0.6364
Microsoft  Co-
pilot 0.3463 0.3694 0.8095 0.6667

Table 4 shows the Gray Relationship Coefficients (GRA method), which indicate the degree of
similarity between the best solution and the performance of various Al platforms in four categories: edge
Al deployment, auto ML advancements, federated learning, and quantum machine learning. Higher
coefficients indicate closer alignment with the best solution. Tensor Flow excels in quantum machine
learning (1.0000), while PyTorch stands out in edge Al deployment and federated learning (1.0000).
Amazon Web Services shows strong performance in auto ML advancements and federated learning.
Google Cloud Al and Microsoft Co-Pilot show more balanced coefficients across different Al domains.
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FIGURE 3. Grey relation coefficient

Figure 3 illustrates the Gray Relationship Coefficients (GRA method) for various Al platforms in
four domains: edge Al applications, auto ML advancements, federated learning, and quantum machine
learning. The coefficients reflect the closeness to the best solution, with Tensor Flow excelling in quantum
machine learning, and PyTorch leading in edge Al applications and federated learning.

TABLE 5. Result of final GRG Rank

GRG Rank
Tensor Flow 0.5889 2
PyTorch 0.6048 1
Amazon Web Services 0.5871 4
Google Cloud Al 0.5500 5
Computer Vision 0.5889 3
Microsoft Co-pilot 0.5480 6

Table 5 presents the final Gray Relation Grade (GRG) rankings for various Al platforms using the
GRA method. GRG values reflect overall performance across multiple categories, with higher
valuesindicating better alignment with the best solution. PyTorch ranks highest with a GRG of 0.6048,
followed by Tensor Flow and Computer Vision, both tied at 0.5889. Amazon Web Services, Google Cloud
Al, and Microsoft Co-pilot have the lowest GRG values, ranking 4th, 5th, and 6th, respectively. This
ranking highlights the relative strengths and weaknesses of each platform in terms of their overall
performance in Al applications.
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FIGURE 4. GRG

Figure 4 presents the final Gray Relation Grade (GRG) values for various Al platforms. PyTorch
leads with a GRG of 0.6048, followed by Tensor Flow and Computer Vision both at 0.5889. Amazon Web
Services, Google Cloud Al, and Microsoft Co-pilot have lower GRG values, reflecting their relative
performance across multiple Al domains.

Rank

MICROSOFT COPILOT

COMPUTER VISION

GOOGLE CLOUD Al

AMAZON WEB SERVICES

PYTORCH

TENSORFLOW

FIGURE 5. Shown the Rank

Figure 5 shows the ranking of various Al platforms based on the GRA method. PyTorch is in first
place, Tensor Flow is in second place, and Computer Vision is in third place. Amazon Web Services,
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Google Cloud Al, and Microsoft Co-pilot are in fourth, fifth, and sixth place, respectively, reflecting their
overall performance on the evaluated criteria.

CONCLUSION

The use of Gray Relational Analysis (GRA) to evaluate various Al platforms and technologies has
provided valuable insights into their relative strengths and performance across multiple dimensions.
Through a systematic analysis of edge Al applications, auto ML advancements, federated learning, and
quantum machine learning capabilities, clear patterns and rankings have emerged. PyTorch
demonstrated the best overall performance, achieving the highest Gray Relational Grade (GRG) of
0.6048 and earning the top ranking. The platform showed particular strength in edge Al applications and
federated learning, where it achieved perfect scores (1.0000) on normalized data. Tensor Flow was a
close second with a GRG of 0.5889, demonstrating exceptional performance in quantum machine
learning, while showing room for improvement in edge Al applications and federated learning
applications. Computer Vision matched Tensor Flow’s GRG of 0.5889, but came in third, showing
consistent performance across all evaluated categories without dominating in any one area. This
balanced performance indicates its versatility as a technology solution.

Amazon Web Services, despite showing strong capabilities in Auto ML advancements and
federated learning, came in fourth with a GRG of 0.5871, indicating the platform’s competitiveness while
highlighting areas for potential improvement. Google Cloud Al and Microsoft Co-Pilot came in fifth and
sixth, respectively, with GRG values of 0.5500 and 0.5480. While these platforms showed potential
across the dimensions evaluated, their low rankings suggest opportunities for improvement, particularly in
areas where they showed low gray relationship coefficients. The analysis reveals that no single platform
dominates across all categories, highlighting the specialization of different Al technologies and platforms.
The findings suggest that organizations should carefully consider their specific needs and use cases
when selecting Al platforms and technologies. The results also indicate that while established platforms
such as PyTorch and Tensor Flow lead in overall capabilities, the competitive GRG scores across all
platforms suggest a healthy technology ecosystem with different strengths and specialties. These findings
provide valuable guidance to organizations and practitioners in the Alindustry, helping them make
informed decisions about platform selection based on their specific needs and priorities. This analysis
also highlights the dynamic nature of the Al technology landscape, with continued innovation and
advancement across all platforms driving the industry forward.
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