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Abstract. This research introduces a new MCDM approach known as the Simplified Yielded
Aggregation Index (SYAI) to overcome the main problems with traditional frameworks. The first
step proposes a new way to normalize goal-type criteria, so decision-makers can assess alternatives
according to their ideal targets, not just the extremes they reach. The second aim suggests using
a unified transformation for all criteria, turning every criterion into a single type of value, making
the decision more transparent and fairer. The third goal involves making a flexible ranking of
possibilities by introducing a new weighted closeness score based on parameters around the ideal
and anti-ideal references. A variety of scenarios and analyses involving sensitivity were conducted
to compare SYAI with recognised MCDM methods, such as TOPSIS, VIKOR, WASPAS, and
SAW. The results displayed that SYAI remained consistent with previous methods, as proved by
the high Spearman correlation found in rankings. Having a unified approach and a tunable g
parameter allowed the algorithm to respond flexibly to decisions without slowing down, and this
is useful in situations like supply chain management and healthcare. The new developments make
SYAI well-suited for various real-world uses, as it is both powerful, flexible, and scalable.
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1. Introduction

In traditional MCDM methods, the main division between criteria is benefit (making
choices that maximize) and cost (choosing options that minimize). Because this classifi-
cation is binary, it fails to address many decision problems that set clear goals and require
meeting particular targets, rather than just reaching either maximum or minimum values.
Challenges like these prevent the evaluation of important options that help a company
achieve strict targets for things such as temperature, shipping, and choosing resources [1].
Although MCDM methods are widely used, there are considerable knowledge gaps within
the field. One weakness is the narrow use of credible but basic decision frameworks that
can strike a balance between theoretical integrity and computational efficiency. Most tra-
ditional MCDM techniques are based on rigid rules of aggregation and normalization which
are not easily able to adjust to the complexity of the real world [2]. As seen in Pelissari
et al. [3], decision-makers often struggle to grasp how trade-offs are packaged in different
criteria — this is particularly difficult to grasp when mixing categories such as benefits,
costs and goal-based metrics. This rigidity impedes successful communication, reducing
transparency in decision-making and making traditional techniques less applicable in a
dynamic or rapidly changing situation where the metrics of performance or preferences of
stakeholders may change [4, 5|. Indeed, Rodzi et al. [6, 7] demonstrated how epistemic un-
certainty can guide decision-making in the real world, through the examples of determining
obstacles in digital agriculture and waste recycling in Seremban through the application
of DEMATEL, reinforcing the necessity of more versatile, uncertainty-considering models
[8].

By adding goal-type criteria, MCDM models improve the usefulness and effectiveness
of the decision-making process. Garcia et al. [9] discovered that vaguely stating perfor-
mance criteria may cause people to make less effective decisions, especially when it comes
to loan approvals. According to their studies, using target-specific evaluations is crucial
for applying MCDM [9]. Hybrid models, which bring together popular MCDM approaches
are necessary, according to [10], when choosing wisely under challenging situations where
benefit and cost alone cannot guide the decision, including recent application-oriented
frameworks such as the Adaptive Utility Ranking Algorithm (AURA) for blockchain en-
abled microfinance[11].

Advancements in the field of MCDM have aimed to address these challenges by inte-
grating modern techniques that enhance traditional frameworks. Modern enhancements
revolve around the creation of the MCDM methodologies based on unified normalization
framework, flexible distance measures and modernizations in aggregation operators [12].
Innovations of this sort are necessary for the creation of models that support transparency
and flexibility in the MCDM process [13, 14]. For instance, studies have revealed that the
use of these comprehensively normalized algorithms increases the reliability of decision
outcomes — as observed in energy and environmental modeling studies [2, 15]. In addition,
the use of flexible distance measures is beneficial since it implies more responsive structure
of decision-making that can correspond to the change of availability of data and contex-
tual dynamics [16, 17]. These observations appear further justified by the contributions
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of Rodzi to bipolar neutrosophic hypersoft surroundings, pointing to the benefits of sound
extension and scoring setups in responding to a deep ingenuity [18]. The possibility of in-
fusing decision-making equipment with both theoretical strength and realism application
continues to be a major avenue for future research as seen from the work of Rehman and
Ali [19] on healthcare supply chains and research on renewable energy sustainability [20].

Asadabadi [21] highlights the possible synergy of MCDM methods and fuzzy set ap-
plications with an aim of addressing the uncertainties presented in prescribing decision
context. This integration enables a more advanced perspective on the management of
qualitative and quantitative criteria in parallel. In addition, advanced strategies have
proven to be promising in giving decision makers a better sense of the trade-offs involved,
for example, use of better measures of symmetry and sine entropy model [22, 23]. Jana
et. al [24] has shown that when a hybrid MCDM framework includes bipolar fuzzy logic,
it helps better address contradictory preferences and allow more accurate decisions when
analyzing economic conditions. A recent study by Ashraf et al. [25] establishes that
combination of spherical fuzzy Z-numbers with a Sugeno—Weber model results in consid-
erably enhanced reliability of climate change evaluation due to enriched expert judgment
semantics in deep uncertainty settings. The importance of similarity-based methods to
improve decision accuracy in an uncertain environment has also been the focus of recent
research; e.g., Hammad, Al-Sharqi, and Rodzi [26] introduced similarity measures on bipo-
lar interval-valued fuzzy soft sets, which can be used to make more accurate comparisons
of alternatives in MCDM applications. The use of these new practices guarantees that
decision makers can compare alternatives with due regard even where criteria weights are
unknown resulting in more knowledgeable decisions.

Furthermore, scientists have been calling for hybrid models made possible through
blending different MCDM approaches and external parameters [27, 28]. For example, the
use of fuzzy logic alongside the AHP helps create a more flexible structure for decision-
making process that will embrace the qualitative analysis and hence deal with the com-
plexity that would proceed normally in real-life situation [17, 29]. This hybridization
makes it easier to understand the preferences of stakeholders and increases transparency
of the decision-making process as a whole [30]. According to the recent research by Jana
and Hezam [31], the merging of multi-polar fuzzy sets with the EDAS approach is effec-
tive in evaluating inconsistent expert opinions and enhancing the reliability of decisions
in the industrial site selection problem. A recent work combining both MARCOS and
CoCoSo techniques showed that integrating MCDM techniques could greatly enhance the
robustness and accuracy of decisions made, especially in digital bank performance measure-
ment [32]. Also, debates have been conducted on ways such as the Enhanced ELECTRE
method and the use of interval-valued fuzzy sets to enhance the reliability of the previous
approaches [33, 34].

When working with mixed categories (benefit, cost, and aim) or ambiguous data,
decision-makers often struggle to grasp how trade-offs are managed across varied criteria.
This rigidity can make interpretation difficult. Furthermore, traditional techniques’ in-
ability to adapt makes them less effective in dynamic or quickly changing situations where
performance measures, data availability, or stakeholder preferences may change over time.
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To close these gaps, new techniques that take use of unified normalization frameworks,
flexible distance measures, and current developments in aggregation operators must be de-
veloped. By providing decision-makers with tools that are not only theoretically sound but
also useful, interpretable, and sensitive to changing decision contexts, such advancements
hold the potential to increase the transparency and adaptability of MCDM models.

To address these shortcomings, the Simplified Yielded Aggregation Index (SYAI) comes
up as a new approach aimed at facilitating the process of aggregation without sacrificing
the capability of incorporating the nowadays advancements in normalizations and dynamic
weighting mechanisms. To address the problems seen in traditional approaches, a brand
new goal-oriented technique for normalization has been developed. This approach allows
leaders to choose the values they want for different requirements, which aids in evaluating
alternatives broadly. This process first sets what is considered ideal for goal-type criteria,
and then measures how far the real numbers are from these targets. By normalizing the
data, it is now possible to compare different alternatives systematically on each separate
dimension [35]. With this method, it becomes easier to consider practical needs when
making decisions, helping to set and reach important operational goals. Many practical
cases where target values should be preserved demonstrate the usefulness of the goal-
oriented normalization framework. In temperature control systems, it allows evaluating
performance by matching the set temperature more closely, instead of simply finding
extreme values. Likewise, firms can measure their logistical performance in delivery by
comparing the actual timing of deliveries to those they planned in advance [36]. When
allocating resources, organizations can establish particular goals to shape decisions rather
than use standard optimization approaches [37]. It helps ensure that the decision-making
process produces accurate results by focusing on real-world needs.

The introduction of SYAI as a unified normalization process is a significant develop-
ment in MCDM as it is applicable to cost, benefit, and goal-type criteria at once. Each
traditional MCDM framework usually features normalization methods that are specific
to the different criteria types. Despite being theoretically solid, this way of thinking can
sometimes result in private biases and inconsistencies when evaluating various criteria.
Typically, benefits are improved to the fullest, while costs are reduced at the same time,
which leads to difficulties when judging these various aspects [1]. Avoiding these incon-
sistent outcomes, SYAI ensures that the results of the decision-making process are more
understandable and reliable. The SYAI normalization approach uses the same transfor-
mation function to place all the normalized values into a valid interval, regardless of what
traits the criteria are meant to assess. With this feature, the preprocessing stage becomes
simpler, as only one process can be used to standardize all criteria, leading to a strong
reduction in the complexity found in traditional MCDM methods. This allows those in
charge to pay closer attention to the quality of their choices, rather than focusing too
much on managing complicated normalization routines. This benefit is most useful when
evaluating many options and criteria in a decision matrix.

The SYAI way boosts fairness and improves efficiency in decision-making by assigning
equal value to all criteria on the same scale [10]. With this treatment, scores can be com-
pared accurately across various approaches. Furthermore, its simplified structure allows
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computers to process large decision matrices at top speed without sacrificing reliability,
which is important for swift and fast-changing settings [35]. One of the main goals in
Multi-Criteria Decision-Making (MCDM) is to rank different alternatives by their perfor-
mance. Although TOPSIS is widely acknowledged as an effective method in its area, it
has limitations when it comes to adjusting the relative strengths of proximity to the ideal
and distance from the anti-ideal scenario. This matters when priorities change, and it
becomes essential to rank items with care to achieve more transparent and flexible ranks
[38, 39]. Therefore, introducing the weighted closeness score with § helps overcome these
challenges.

This new way of rating relationships provides users with built-in flexibility. 3 pa-
rameter determines how important being close to the best solution is compared to being
far from the worst solution. As a result, the rankings can be adjusted to suit particular
decision-making purposes, which also makes them more straightforward to interpret. This
way, all the final scores fall within a fixed region, with better alternatives represented by
higher scores which is necessary for easy comparison. Puska et al. [40] and Jakovljevié
et al. [41] pointed out that having consistent and transparent scoring matters a lot, as
how scores are calculated can strongly impact the final MCDM results. The flexibility of
the weighted closeness score method makes it practical for both big decision matrices and
decision support systems. Offering rapid data processing, this type of system is excellent
for supply chain management and healthcare, where time matters, and there is a need
for prompt and informed choices. The 8 parameter, which the method includes, allows
decision-makers to select the best ratio between ideal and anti-ideal distances, meaning
operations can be tailored to readily handle shifting needs.

Facing recent global difficulties has made it clear that MCDM calls for advanced ap-
proaches. The COVID-19 pandemic caused significant challenges for healthcare systems
in sharing resources and choosing who would supply essential medical supplies and equip-
ment. This situation made it important to have a process adaptable to the dynamic
weighting between balancing cost actions and importance in decisions [42]. The weighted
closeness score can help decision-makers resolve problems involving numerous conflicting
objectives [39]. Overall, a weighted closeness score with a parameter  significantly im-
proves the method of ranking in MCDM by making it more flexible, efficient, and easy to
understand. By allowing decision-makers to correctly adjust their preferences, this process
improves the usefulness of TOPSIS and similar approaches, helping them come up with a
more accurate answer for various types of problems. Being flexible is crucial for managing
intricate decisions in fields that are rapidly evolving with more uncertainty.

To close the gaps left by classical methods, SYAI emerges as a user-friendly yet theoreti-
cally sound decision-making framework. It provides enhanced overview and evidence-based
basis in the decision outcomes. This integration of classical approaches with growing in-
novations can greatly enhance operational effectiveness and interaction with stakeholders,
filling notable gaps in current MCDM applications.
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2. The Proposed Method

The Simplified Yielded Aggregation Index (SYAI) is a present-day, unified way to
compare and sort different alternatives in MCDM situations. SYAI is designed to improve
on TOPSIS, fixing its flaws by using an efficient method to integrate all criteria with a
universal normalization function that can handle both positively valued benefit or cost
and negatively valued goal criteria.

Unlike traditional approaches where several transformation rules are used, SYAI en-
sures that every criterion type always follows the same consistent and simple normalization
model. This helps the model become faster, clearer and simpler to operate while still hav-
ing strong theoretical bases.

SYAI stands out for relying on just a single parameter that can be tuned. 5 which
controls the balance between being close to the best solution and being far from the
worst solution. When § is greater than 0.5, it puts more weight on reaching the ideal
solution. Conversely, 5 less than 0.5 is concerned more with sidestepping the anti-ideal.
The weighting mechanism allows SYAI to respond to different needs and problems in
decision making.

The SYAI method is presented in Figure 1, showing how the ranking is achieved from
first creating the matrix to its final result.

SYAI Method

Construct decision matrix

Normalization of decision matrix

Weighted normalization decision
matrix

Defining Yielded Ideal and Anti Ideal
Solution

Compute Total Distance of each
alternatives

Rank the alternatives by each total
distance

Figure 1: Step by step of SYAI Method

Below is a detailed explanation of the SYAT method steps:

Step 1: Construct the Decision Matrix
In the SYAI method, the evaluation process begins with constructing a decision matrix
X = [xj;], where i = 1,2,...,m denotes the alternatives and j = 1,2,...,n represents
the criteria. Each element z;; captures the performance of alternative A; on criterion Cj.
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Formally, the matrix is defined as:

Z11 12 e Tin
21 €22 T T2n

X = (1)
TIml ITm2 - Tmn

Step 2: Normalize the Decision Matrix
To ensure dimensionless comparability across mixed criteria, SYAI applies a unified nor-
malization formula:

R

where C' = 0.01 is a fixed constant to prevent zero outputs, z* is the ideal reference
(maximum for benefit, minimum for cost, or target for goal criteria), and R = max(xz;;) —
min(x;;) is the range of criterion Cj.

Step 3: Calculate Weighted Normalized Matrix
The normalized scores are multiplied by the corresponding criterion weights w;, with the
constraint 2?21 w; = 1, to reflect each criterion’s relative importance:

Nijzc+(1—0)-<1—w> (2)

’Uij = wj . Ni' (3)
Step 4: Determine Yielded-Ideal and Anti-Ideal Solutions
Next, SYAI identifies the yielded ideal A;-F and anti-ideal A} solutions:

+ . -
Aj = Maxvij, Aj

= min vj; (4)
(2
Step 5: Compute Weighted Closeness Score
After determining the ideal A;“ and anti-ideal Aj_ solutions in Step 4, the next step
is to measure how close each alternative is to these reference points. The distance of
alternative ¢ from the ideal and anti-ideal solutions is computed using the aggregated

absolute differences across all criteria:
n

D?—:ivij‘—A;_‘, DZ_:Z

j=1 j=1

’Uz'j — AJ_‘ (5)
Using these distances, the closeness score D; for each alternative is calculated based on a
weighted inverse-ratio formulation that allows tunable preference between ideal proximity
and anti-ideal remoteness:

(1—-75)- Dy

P iy a-5) b;

(6)

where:

° Di+ denotes the distance of alternative ¢ from the ideal solution,
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e D, denotes the distance of alternative 7 from the anti-ideal solution,

e 3 € (0,1)is a parameter that adjusts the relative importance between ideal proximity
and anti-ideal remoteness.

This formulation ensures that the closeness score D; € [0, 1], where a higher score indicates
a better alternative. If § > 0.5, the method emphasizes closeness to the ideal solution; if
B < 0.5, it gives more importance to avoiding the anti-ideal solution. This balance enables
flexible decision-making aligned with the decision maker’s preference structure.

Step 6: Rank the Alternatives
Finally, alternatives are ranked in descending order based on their computed closeness
scores D;. The alternative with the highest D; is considered the best.

3. Computational Analyses

3.1. Numerical Example

In this section, a numerical example demonstrate the implementation of the Simplified
Yielded Aggregation Index (SYAI) method for evaluating and ranking three alternatives
(A1, A2, A3) based on four criteria: Cost, Quality, Delivery Time, and Temperature. The
objective is to identify the most suitable alternative by applying the SYAI framework.

Problem Context and Criteria
The problem considers the evaluation of three alternatives under the following criteria:

e Cost (C1): Price of the alternative (Cost criterion).
e Quality (C2): Performance quality score (Benefit criterion).
e Delivery Time (C3): Number of days for delivery (Cost criterion).

e Temperature (C4): Temperature level, aiming for a target of 60°C (Goal criterion).

Criteria Weights and Types
Table 1 summarizes the criteria, types, and assigned weights.

Table 1: Criteria, Types, and Weights.

Criterion ‘ Description Type Weight (w;)
C1 Cost Cost 0.25
C2 Quality Benefit 0.25
C3 Delivery Time Cost 0.25
C4 Temperature | Goal (60°C) 0.25

Initial Data and Decision Matrix
Table 2 shows the raw decision matrix.
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Table 2: Decision Matrix.

9 of 23

Alternative ‘ Cost ‘ Quality ‘ Delivery Time ‘ Temperature

Al 200 8 4
A2 250 7 5
A3 300 9 6

30
60
85

3.1.1. Step-by-Step Procedure

Step 1: Compute Decision Matrix

The SYAI method relies on the decision matrix to store the basic performance values for
each alternative against various criteria. In this step, the rows display the alternatives and
the columns represent the different evaluation criteria. Ratings in the matrix are made
by experts, from earlier data or by measuring the alternatives, showing how much each
alternative matches the different criteria. This form of representation makes it easier to
assess, standardize and compare data in the next phases of the SYAI process as shown in

Table 3.

Table 3: Decision Matrix.

Alternative ‘ Cost ‘ Quality ‘ Delivery Time | Temperature

Al 200 8 4
A2 250 7 )
A3 300 9 6

30
60
85

Step 2: Normalize the Decision Matrix

Normalization converts all criteria to a dimensionless scale so no single factor domi-

nates. Using C' = 0.01, apply the unified formula using Equation (1).

Using C' = 0.01,

max {300, 9, 6, 85}, min {200, 7, 4, 30}, and ideal {200, 9, 4, 60}, the normalized matrix

is shown in Table 4:

Table 4: Normalized Decision Matrix.

Restaurant‘ C1 ‘ C2 ‘ C3 ‘04

Al 1 0.505 1 0.46
A2 0.505 | 0.01 | 0.505 1
A3 0.01 1 0.01 | 0.55

For illustration, below are example calculations:

200

200
% 91 — —= — 0505,

1 t, min-t = =1.
C1 (Cost, min-type) 713 000, 550

8 7
C2 (Quality, max-type) r1; = 9= 0.505, 7191 = 9= 0.010,

200

— = 0.010.
300 0.010

r31 =

9
r31 = § = 1.000.
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4 4 4
C3 (Delivery Time, min-type) 711 = vl 1.000, 1791 = 5= 0.505, 131 = 5= 0.010.

130 — 60|
max |85 — 60], |30 — 60|

C4 (Temp, target-type, target = 60) ry; =1 = 0.460,
|60 — 60|
25

Normalization ensures that each criterion, regardless of its original scale, contributes
fairly to the final evaluation. This unified approach allows consistent comparison across
cost, benefit, and target-type criteria, improving the robustness and interpretability of the
decision-making process.

ro1 = 1-— = 1.000, r31 = 0.550.

Step 3: Calculate Weighted Normalized Matrix

Weights w; = 0.25 are applied uniformly by Equation (2) and the results is shown in Table
5.
Example Calculations for Weighted Normalized Matrix

Below are example calculations for Step 3 using the normalized values from Table 4
and equal weights w; = 0.25:

A1, C1 (Cost) w11 =711 x wp = 1.000 x 0.25 = [0.25000

and Table 5 illustrates weighted normalized decision matrix :

Table 5: Weighted Normalized Decision Matrix.

Alternative ‘ Cost ‘ Quality ‘ Delivery Time | Temp

Al 0.25000 | 0.12625 0.25000 0.11500
A2 0.12625 | 0.00250 0.12625 0.25000
A3 0.00250 | 0.25000 0.00250 0.13750

Step 4: Identify Yielded Ideal and Anti-Ideal Solutions

The ideal and anti-ideal solutions are:
A;r = [0.25,0.25,0.25,0.25], A; = [0.0025, 0.0025, 0.0025, 0.115]

Step 5: Compute Weighted Closeness Score

Let’s define the closeness score D; based on distances from the ideal and anti-ideal points,
blended using the parameter (3, which is set to 0.5 in this study. The calculation is
performed using Equation (5).
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Example Calculation for A1 under C1 (Cost)

From the weighted normalized matrix:

va1,c1 = 0.25000

From the ideal and anti-ideal values:
Al =0.25000, Ag; = 0.00250
Summing across all four criteria (not shown here in detail), we get:
Df =0.25875, Dy = 0.61875

Using the closeness score formula with g = 0.5:

B-Dy 0.5 - 0.61875 0.309375
Dy — - = =[0.705128
"YU B8.D; +(1-B8) D  05-0.61875+0.5-0.25875  0.43875

The corresponding distances and resulting closeness scores are illustrated in Tables 6 and
7.

Table 6: Distances to Ideal and Anti-ldeal Solutions.

Alternative | Ideal Distance (D;") ‘ Anti-Ideal Distance (D))

Al 0.25875 0.61875
A2 0.49500 0.38250
A3 0.60750 0.27000

Table 7: Closeness Scores of Alternatives.

Alternative | Closeness Score (D;)

Al 0.705128
A2 0.435897
A3 0.307692

In Table 6, the absolute distances of each alternative from the ideal and anti-ideal solutions
are provided. These values were then used to compute the closeness scores shown in Table 7
using the weighted formula in Equation (5). The closeness score reflects how close each
alternative is to the ideal condition while factoring in its distance from the least desirable
outcome. As shown, Alternative Al has the highest closeness score, suggesting it is the
most favorable option. A2 and A3 follow, with lower scores indicating comparatively
reduced performance across the evaluated criteria.

Step 6: Rank the Alternatives
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Finally, the alternatives are ranked in descending order based on their computed closeness
scores D;, as shown in Figure 2. The alternative with the highest score is considered the
most favorable, as it indicates closer proximity to the ideal solution and greater distance
from the anti-ideal.

Closeness score by each alternative

Rank 1 -
0,610 vooe Rank 3 1.0
0.6
-0.8
0.5r
L (9]
0.4 -0.6 §
G g
L c
2 0.3 0.270 g
0.4 0
O
0.2r
0.1r

0.0

A2
Alternative

Ideal Distance ~ mmm Anti-ldeal Distance = —e— Closeness Score

Figure 2: Closeness score by each alternatives

From the Figure 2, Alternative A1 scores 0.705 for closeness, while A2 receives 0.436 and
A3 gets 0.308. It is consistent with the expected distance relationships: Al scores closest
to the ideal, whereas A3 shows the greatest distance from the ideal. These results confirm
that Al is the optimal choice under the SYAI framework, supported by both the calculated
scores and the graphical illustration.

3.2. Sensitivity analysis

For multi-criteria decision-making, it is necessary to ensure that the final rankings
remain solid when input conditions change. Sensitivity analysis is a useful way to check
how changes in the decision variables affect the quality and stability of each option. For
this study, both the weights given to the criteria and the g parameter are examined through
sensitivity analysis in SYAI This helps confirm that the closeness results are constant and
the rankings of the alternatives are still secure if there are any changes in assumptions or
preferences.

The analysis is performed in two stages. Weight sensitivity analysis means examining
how the rankings alter when various weights are given to the different criteria. In
sensitivity analysis, we look into how the importance given to both proximity options
is reflected in the scores and places the locations receive. Altogether, these analyses
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provide information on the model’s sensitivity and steer decision-makers in choosing the
appropriate parameters. Figure 3 shown the weight sensitivity for each alternatives.

Weight Sensitivity Analysis (SYAI Method)
0.8 0.770

Al
0705 0715 . A2
0.7 4 A3
0.637

0.6
0550

0.5+
0.450 0.450

0411 0421 P
0.379
0.350
0.240
o o N o
0}. 0_’5. e_b.. 0_'1,.
> > 1 >

Q-
o

0436

0.4 4
0308
0.3 1
0.2
0.1
0.0

N
.“j’{’

SYAI Score

=

ol
7 S
e, O
\Q.L'

Q7"
o

02"
o

"B
o

Weight Setting

Figure 3: Weight Sensitivity Analysis (SYAI Method)

To test how sensitive the SYAT method is to weight adjustments, the evaluation con-
sidered how different weights were applied to the four decision criteria: Cost, Quality,
Delivery Time, and Temperature as shown in Figure 3. In all cases, 8 was set to 0.5 so
that both ideal and anti-ideal distances were given equal importance. All three alterna-
tives (A1, A2, and A3) were compared across multiple settings, to reflect differences in
the importance attached to each criterion.

Results show that the ranking of alternatives stays similar, regardless of the adjust-
ments to the weights. Among all four scenarios, Alternative Al always had the highest
SYALI closeness, showing its high performance even with different weight priorities. Alter-
native A2 ranked second with scores between 0.395 and 0.45, and alternative A3 remained
the least preferred with scores ranging from 0.24 to 0.4111. This repeated ranking clearly
indicates that SYAI can handle different preferences among decision-makers.

In general, the SYAI with 5 = 0.5 shows that it can provide dependable conclusions,
even when the strength of each factor changes. Because the average grades remain stable,
the approach can work well in settings where opinions on importance may be different
between people or situations.

After examining weight sensitivity, the main goal in the following phase is to observe
the impact of 3 sensitivity on the closeness scores and ranking results within the SYAI
system. Figure 4 presents a line chart of 8 sensitivity.
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Figure 4: 3 Sensitivity Analysis (SYAI Method)

The line in the Figure 4 shows the impact of the 8 parameter on SYAI scores, but
all criteria remain with the same weight of 0.25. The equal value given to each criterion
makes the comparison fair and without bias. To control how close a solution is to the
ideal and how far it is from the anti-ideal, four experts use the 8 parameter with five
settings: 0.1, 0.3, 0.5, 0.7, and 0.9. Choosing a small 8 gives extra importance to avoiding
the undesirable outcomes, whereas a large [ focuses on selecting the very best (ideal)
outcome.

According to the Figure 4, the order of alternatives does not change with different 3
values: A1l gets the highest SYAI score, A2 takes second place, and A3 comes third. For
instance, A1l changes from a score of 0.9556 at 8 = 0.1 to 0.2099 at S = 0.9, while A2 goes
from 0.8743 to 0.0791, and A3 falls from 0.8000 to 0.0471. Since 3 is paying less attention
to anti-ideal closeness and more to ideal closeness, the drop is reasonable. The fact that
the SYAI rankings remain the same for all 8 values means the method is trustworthy for
decision-making in any situation.

3.3. Comparative analysis

In this comparative analysis, the Simplified Yielded Aggregation Index (SYAI) method
is evaluated alongside other prominent Multi-Criteria Decision-Making (MCDM) methods
such as TOPSIS, SAW, ARAS, WASPAS, VIKOR and MOORA. This evaluation utilizes
the flotation machine selection problem as a study case by Stanujkié et. al [43] where five
alternatives are analyzed according to ten criteria. There are three categories in which the
criteria fall: constructional parameters economical parameters and technical parameters.
These criteria are provided with specific weights depending on their relevance in making
the decision and each one of the criteria has optimization directions issued to it (whether to
maximize or minimize the value). The weights and optimization directions of the criteria
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are summarized in Table 8.

Table 8: The Evolutional Criteria and Criteria Weights.

Criteria | Criteria Names Opt. | Criteria Weights
C1 The size and the shape of the machine max 0.070
C2 The volume or the capacity of the machine min 0.070
C3 The construction of agitation and aeration system | max 0.070
C4 The number of the machines max 0.140
Ch Investments min 0.200
C6 Terms of payment and maintenance max 0.080
C7 Operating costs min 0.120
C8 Warranty period max 0.125
C9 Delivery time min 0.050
C10 Maintenance conditions max 0.075

Table 8 summarizes the criteria names, their optimization directions, and the corre-
sponding weights used in the SYAI method, along with the other MCDM methods for
comparison. The decision making has five alternative that are analysed as follows: C1
to C4 are the constructional parameters with better being a higher value for C1 and C3,
respectively and vice versa for C2 and C4. C5, up to C7, are economical parameters, and
the task is to minimize investments and operating costs and maximize terms of payment
and maintenance. C8 to C10 are technical parameters and include both objectives of
maximization and minimization. The outcome of this analysis indicates that the SYAI
method has similar rankings to other methods especially in situations where the decision-
makers have to be able to balance values and make wise decisions based on sturdy and
interpretable rankings.

In this comparative study, the rating of alternatives according to the given criteria was
based on the application of the SYAI method. The results of SYAI were compared with
the rankings received from other MCDM methods. In this calculation, 5 is equal to 0.05
and C is 0.01. Python programming has been utilized to compute the analysis. Table 9
shown the comparison score values of the MCDM Method.

Table 9: Comparison of MCDM Method Scores and Ranks.

Alternative | TOPSIS | VIKOR SAW SYAI COBRA | WASPAS | MOORA
Al 0.2160 (4) | 0.883 (4) | 0.6761 (4) | 0.1975 (4) | 0.0204 (4) | 0.6679 (4) | -0.0024 (4)
A2 0.4546 (3) | 0.413 (3) | 0.7788 (3) | 0.5375 (3) | 0.0022 (3) | 0.7739 (3) | 0.0659 (3)
A3 0.7239 (2) | 0.000 (1) | 0.8867 (2) | 0.7900 (1) | -0.0190 (1) | 0.8831 (2) | 0.1253 (1)
A4 0.7402 (1) | 0.275 (2) | 0.8951 (1) | 0.7025 (2) | -0.0116 (2) | 0.8903 (1) | 0.1201 (2)
A5 0.0400 (5) | 1.000 (5) | 0.6063 (5) | 0.0167 (5) | 0.0340 (5) | 0.5973 (5) | -0.0428 (5)

Table 9 compares five alternatives (Al to A5) using several multi-criteria decision-
making (MCDM) techniques, such as TOPSIS, VIKOR, SAW, SYAI, COBRA, WASPAS,
and MOORA. Each column shows the score determined by a certain approach, while each
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row represents an alternative. The table shows how rankings change amongst methods
showing how each method assesses choice factors in a different way. Figure 5 demonstrates
the score comparison across each methods.

Score Comparison Across Methods

1.0r

0.8

TOPSIS
VIKOR
SAW
SYAI
COBRA
WASPAS
MOORA

0.6

Scores

0.4r

SEEER
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0.0f

Al A2 A3 A4 A5
Alternatives

Figure 5: Scores of Five Alternatives Evaluated Using Seven MCDM Methods

The line chart in Figure 5 compares five possible alternatives (A1-A5) that were eval-
uated using TOPSIS, VIKOR, SAW, SYAI, COBRA, WASPAS, and MOORA methods
from Multi-Criteria Decision-Making (MCDM). Most of these techniques value higher
scores as better, but both VIKOR and COBRA reverse this, valuing lower scores for bet-
ter results. For instance, by using VIKOR, A3 is at the top with 0.000 as its score, and
A5 comes in last with 1.000. COBRA also ranks A3 highest at -0.0190 and A5 lowest at
0.0340, proving again that these two have opposite preferences.

While the scoring procedures may differ, the majority of methods tend to reach fairly
similar rankings. In all four methods, SAW, SYAI, WASPAS, and MOORA, A3 is con-
sistently the best and often the top-ranked option. Meanwhile, A5 stays at the bottom
with extremely low scores, including 0.0167 in SYAI, 0.0340 in COBRA, and -0.0428 in
MOORA. Combining all the results from the different methods improves the trust in the
decision outcome and highlights A3 as the best-chosen alternative.

The powerful agreement among the different methods shows that the ranking is both
solid and reliable, especially indicating that A3 is better than A5. Despite the fact
that these methods can be different in rules and how complex they are, they all lead
to the same general preference ranking. Being consistent allows people to believe in the
final recommendations because the outcome does not vary a lot from one method to an-
other.Numerous techniques such as TOPSIS and VIKOR are applied in MCDM to verify
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the dependability of the results. Looking at the correlation between their scores shows
if the methods tend to be the same or vary because of their own approach. Figure 6
illustrates Spearman correlation coefficients matrix of each methods.
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Figure 6: Correlation Matrix of MCDM Methods

The heatmap in Figure 6 represents the ways in which seven MCDM methods correlate
with each other. It demonstrates that most methods are highly correlated in their results.
For example, TOPSIS and SAW nearly perfectly match, with a Spearman correlation
coefficients of 0.9999, suggesting they give almost the same results. In addition, MOORA
is highly similar to WASPAS (0.9980), and SYAI matches well with MOORA (0.9961)
and SAW (0.9876). The fact that MOORA and WASPAS match very closely (0.9980)
indicates that they tend to provide reliable and similar results.

On the other side, COBRA has strong negative relationships with methods like TOP-
SIS (-0.9895), SAW (-0.9890), and WASPAS (-0.9896), proving once more that its scores
are opposite to what is expected. VIKOR is also designed so that a lower value is pre-
ferred, which can be seen in its strong correlation with COBRA (0.9847), meaning both
models select the same alternatives based on lower numbers instead of higher ones. As a
result, MCDM methods generally produce the same trends, yet it is important to carefully
interpret or merge COBRA and VIKOR, given their unique inverted logic. Scattter matrix
of each methods is shown in Figure 7.
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Scatter Matrix for Method Scores
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Figure 7: Scatter Matrix of MCDM Methods
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Figure 2 presents a scatter plot that highlights the connections between the seven
MCDM methods (TOPSIS, VIKOR, SAW, SYAI, COBRA, WASPAS, and MOORA and
five alternatives. Several methods in the scatter plots show a strong linear pattern, in-
dicating a close relationship between them. It is evident from the plots and their high
correlation values of 0.9999, 0.9999, and 0.9980 that TOPSIS and SAW, SAW and WAS-
PAS, and MOORA and WASPAS display strong similarities. This means that the order
in which each alternative is ranked is quite similar across different methods.

Furthermore, a strong inverse relationship is found between COBRA and SAW, TOP-
SIS, and WASPAS in the scatter plot. This is reflected in the correlation table, where
COBRA has strong negative correlations with these methods, for instance, -0.9890 with
SAW, -0.9895 with TOPSIS, and -0.9896 with WASPAS. The shape of the scatter plots
makes it clear that COBRA ranks results in a way where lower scores are considered
higher. Overall, the scatter matrix proves helpful for correlation analysis by highlighting
how alike or different the outcomes are from one method to another.

3.4. Simulation-based Analysis

This section reports the findings of simulation based evaluation to determine the sim-
plicity and stability of the SYAI method depending on the size of different decision ma-
trices. This analysis attempt to assess the consistency, variability, and responsiveness of
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the method to input fluctuation, respectively, in repeated randomized simulations from
matrices of various sizes. Specifically the average standard deviation and variance of the
rankings obtained from matrices of different sizes, which explains how well the method
can adapt to more complex and more numerous challenges. The results of the analysis
based on the simulation are displayed in Table 10.

Table 10: Simulation-Based Analysis Results for SYAI Method

Matrix Size 5X5 9x8 | 12x10 | 13x15
Mean Standard Deviation | 0.2608 | 0.1229 | 0.1280 | 0.0956
Variance 0.0680 | 0.0151 | 0.0164 | 0.0091

According to the simulation analysis shown in Table 10, the average standard deviation
and variance of SYAT scores are displayed for every size of decision matrix tested. Express-
ing the stability and sensitivity of SYAI depends on having these metrics. If the mean
standard deviation is lower, the scores are less spread out, which indicates the rankings
of alternatives are somewhat more consistent. On the other hand, having a high standard
deviation means the scores from the method are more spread out, which may indicate a
lack of stability. For the smallest matrix (5x5), the standard deviation was highest, mean-
ing the ranking results varied more. On the other hand, both 12x10 and 13x15 standard
deviations were lower, which means the rankings there were more consistent.

The values of the variances indicate the spread of SYAI results. The 5x5 matrix is
the highest in variance (0.0680), indicating that there is greater change in scores with
different inputs. The variance reduces with the increase in size of the matrix by 0.0091
in the 13x15 matrix, meaning that SYAI is more stable in larger problems. Comparing
the standard deviation and variance between two matrix sizes can also aid in making sure
the method is stable as MCDM problems increase. Figure 8 presents the boxplot on the
ranking stability with relation to the sizes of the matrices.

Ranking Stability - Matrix Size 5x5

o8 T

Ranking Stability - Matrix Size 12x10

"
" |

Ranking Stability - Matrix Size 13x15

06
005
5
ol
04
03
1

Alternatives (Grouped by Matrix Size)

Figure 8: Ranking Score Distributions for Different Decision Matrix Sizes.
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The boxplots in Figure 8 for the SYAI method show that the results are stable and
there are no outliers for the three matrix sizes tried. Greater differences in closeness
scores among alternatives can be observed in the spread of scores for the 5x5 matrix. By
comparison, the interquartile ranges of the 12x10 and 13x15 matrices demonstrate that
the scores are more closely clustered around the median. This means the SYAI method
gives more consistent and less jagged outputs as the problem’s size increases, proving it
can handle bigger decisions smoothly.

4. Conclusion

All in all, the SYAI method offers a notable improvement in MCDM by uniting nor-
malization processes for different types of criteria in a single model. By including a flexible
closeness score using 5 , the method makes it possible for decision-makers to adjust how
sensitive preferences are between the best and worst options. The method of goal-oriented
normalization is useful in areas such as logistics, temperature control, and healthcare,
where it is important to reach specific aims. Analysis and results from simulations prove
that SYAT follows traditional MCDM methods, confirming it to be robust and reliable.
SYAI bridges the gaps in traditional MCDM methods, making it user-friendly and rooted
in theory, and it improves the transparency, flexibility, and decision-making in complicated
situations.

Acknowledgements

The authors thank the readers of European Journal of Pure and Applied Mathematics,
for making our journal successful. This study was funded by Universiti Teknologi MARA
(UiTM), Institute of Postgraduate Studies UiTM and UiTM Endowment Scholarship.

References

[1] J. George and S. Balaguru. Sustainable supplier selection in the manufacturing sector
using integrated mcdm techniques. MATEC Web of Conferences, 393:01013, 2024.

[2] P. Zhou, B. Ang, and K. L. Poh. Decision analysis in energy and environmental
modeling: an update. Energy, 31:2604-2622, 2006.

[3] R. Pelissari, M. C. d. Oliveira, A. J. Abackerli, S. Ben-Amor, and M. R. P. Assumpgao.
Techniques to model uncertain input data of multi-criteria decision-making problems:
a literature review. International Transactions in Operational Research, 28:523-559,
2018.

[4] A. O. Abdulraheem, S. A. Adepoju, A. O. Ojerinde, and O. A. Abisoye. A brief
overview on applications of multi-criteria decision making methods in web application
security. Advances in Multidisciplinary and Scientific Research Journal Publication,
2:59-66, 2023.

[5] M. E. Helou, S. Lahoud, M. Ibrahim, and K. Khawam. Satisfaction-based radio



W.S. 1. W. A. Rahman et al. / Eur. J. Pure Appl. Math, 18 (4) (2025), 6560 21 of 23

[9]

[10]

[11]

access technology selection in heterogeneous wireless networks. 2013 IFIP Wireless
Days (WD), 2013.

Zahari Md Rodzi, Nur A Mat Rosly, Nurul A Mohd Zaik, Muhammad Hakimi Rusli,
Ghafur Ahmad, Faisal Al-Sharqi, Ashraf Al-Quran, and Ali MA Bany Awad. A
dematel analysis of the complex barriers hindering digitalization technology adoption
in the malaysia agriculture sector. Journal of Intelligent Systems and Internet of
Things, 13(1):21-30, 2024.

Zahari Md Rodzi, Ashiera Nadiha Hazri, Nurul Ain Syahirah Mohd Azri, Nurul Dania
Farisha Sharul Rhmdan, Zati Aqmar Zaharudin, and Saladin Uttunggadewa. Uncov-
ering obstacles to household waste recycling in seremban, malaysia through decision-
making trial and evaluation laboratory (dematel) analysis. Science and Technology
Indonesia, 8(3):422-428, 2023.

Samsiah Abdul Razak, Zahari Md Rodzi, Noraini Ahmad, and Ghafur Ahmad. Ex-
ploring the boundaries of uncertainty: Interval valued pythagorean neutrosophic
set and their properties. Malaysian Journal of Fundamental and Applied Sciences,
20(4):813-824, 2024.

V. Garcia, J. S. Sdnchez, and A. I. Marqués. Synergetic application of multi-
criteria decision-making models to credit granting decision problems. Applied Sci-
ences, 9:5052, 2019.

S. S. Goswami, D. K. Behera, A. Afzal, A. R. Kaladgi, S. A. Khan, P. Rajendran,
R. Subbiah, and M. Asif. Analysis of a robot selection problem using two newly
developed hybrid medm models of topsis-aras and copras-aras. Symmetry, 13:1331,
2021.

Muhammad Mukhlis Kamarul Zaman, Zahari Md Rodzi, Yusrina Andu, Nur Aima
Shafie, Zuraidah Mohd Sanusi, Aziatul Waznah Ghazali, and Jamilah Mohd
Mahyideen. Adaptive utility ranking algorithm for evaluating blockchain-enabled mi-
crofinance in emerging-a new mcdm perspective. International Journal of Economic
Sciences, 14(1):123-146, 2025.

Ashraf Al-Quran, Faisal Al-Sharqi, Atige Ur Rahman, and Zahari Md Rodzi. The
g-rung orthopair fuzzy-valued neutrosophic sets: Axiomatic properties, aggregation
operators and applications. AIMS mathematics, 9(2):5038-5070, 2024.

H. Yusuf, K. Yang, and G. Panoutsos. Fuzzy multi-criteria decision-making: exam-
ple of an explainable classification framework. Advances in Intelligent Systems and
Computing, pages 15-26, 2021.

N. L. Rane, A. Achari, and S. Choudhary. Multi-criteria decision-making (mcdm) as a
powerful tool for sustainable development: effective applications of ahp, fahp, topsis,
electre, and vikor in sustainability. International Research Journal of Modernization
in Engineering Technology and Science, 2023.

D. David and A. H. Alamoodi. A bibliometric analysis of research on multiple criteria
decision making with emphasis on energy sector between (2019-2023). Applied Data
Science and Analysis, 2023:143-149, 2023.

K. Kaur and A. Kumar. Mcdm-efs: a novel ensemble feature selection method for
software defect prediction using multi-criteria decision making. Intelligent Decision



W.S. 1. W. A. Rahman et al. / Eur. J. Pure Appl. Math, 18 (4) (2025), 6560 22 of 23

[17]

[30]

Technologies, 17:1283-1296, 2023.

A. E. Permanasari, M. Wisaksono, and S. S. Kusumawardani. A multi criteria decision
making to support major selection of senior high school. IJITEE (International
Journal of Information Technology and Electrical Engineering), 3:128, 2020.

Faisal Al-Sharqi, Ashraf Al-Quran, and Zahari Md Rodzi. Multi-attribute group
decision-making based on aggregation operator and score function of bipolar neu-
trosophic hypersoft environment. Neutrosophic Sets and Systems, vol. 61/2023: An
International Journal in Information Science and Engineering, page 464, 2023.

O. U. Rehman and Y. Ali. Enhancing healthcare supply chain resilience: decision-
making in a fuzzy environment. The International Journal of Logistics Management,
33:520-546, 2021.

A. Kumar, B. Sah, A. R. Singh, Y. Deng, X. He, P. Kumar, and R. C. Bansal. A
review of multi criteria decision making (medm) towards sustainable renewable energy
development. Renewable and Sustainable Energy Reviews, 69:596-609, 2017.

M. R. Asadabadi. The stratified multi-criteria decision-making method. Knowledge-
Based Systems, 162:115-123, 2018.

W. Cui and J. Ye. Improved symmetry measures of simplified neutrosophic sets and
their decision-making method based on a sine entropy weight model. Symmetry,
10:225, 2018.

M. Sousa, M. F. L. d. Almeida, and R. F. Calili. Multiple criteria decision making
for the achievement of the un sustainable development goals: a systematic literature
review and a research agenda. Sustainability, 13:4129, 2021.

Chiranjibe Jana, Vladimir Simic, Madhumangal Pal, Biswajit Sarkar, and Dragan
Pamucar. Hybrid multi-criteria decision-making method with a bipolar fuzzy ap-
proach and its applications to economic condition analysis. Engineering applications
of artificial intelligence, 132:107837, 2024.

Shahzaib Ashraf, Maria Akram, Chiranjibe Jana, LeSheng Jin, and Dragan Pamucar.
Multi-criteria assessment of climate change due to green house effect based on sugeno
weber model under spherical fuzzy z-numbers. Information Sciences, 666:120428,
2024.

Noor M Hammad, Faisal Al-Sharqi, and Zahari Md Rodzi. Similarity measures of
bipolar interval valued-fuzzy soft sets and their application in multi-criteria decision-
making method. Journal of applied mathematics € informatics, 43(3):821-837, 2025.
M. C. Carnero. Waste segregation fmea model integrating intuitionistic fuzzy set and
the paprika method. Mathematics, 8:1375, 2020.

F. S. Abdulgader, R. Eid, and B. D. Rouyendegh. Development of decision support
model for selecting a maintenance plan using a fuzzy mcdm approach: a theoretical
framework. Applied Computational Intelligence and Soft Computing, 2018:1-14, 2018.
R. B. d. Santis, L. Golliat, and E. P. d. Aguiar. Multi-criteria supplier selection
using fuzzy analytic hierarchy process: case study from a brazilian railway opera-
tor. Brazilian Journal of Operations and Amp; Production Management, 14:428—-437,
2017.

S. A. Khan, A. Chaabane, and F. Dweiri. Multi-criteria decision-making methods ap-



W.S. 1. W. A. Rahman et al. / Eur. J. Pure Appl. Math, 18 (4) (2025), 6560 23 of 23

[33]
[34]

[35]

[42]

[43]

plication in supply chain management: a systematic literature review. Multi-Criteria
Methods and Techniques Applied to Supply Chain Management, 2018.

Chiranjibe Jana and Ibrahim M Hezam. Multi-attribute group decision making
method for sponge iron factory location selection problem using multi-polar fuzzy
edas approach. Heliyon, 10(6), 2024.

Chiranjibe Jana, Momc¢ilo Dobrodolac, Vladimir Simic, Madhumangal Pal, Biswa-
jit Sarkar, and Zeljko Stevié¢. Evaluation of sustainable strategies for urban parcel
delivery: Linguistic g-rung orthopair fuzzy choquet integral approach. FEngineering
Applications of Artificial Intelligence, 126:106811, 2023.

J. Peng, J. Wang, and X. Wu. An extension of the electre approach with multi-valued
neutrosophic information. Neural Computing and Applications, 28:1011-1022, 2016.
B. Vahdani and H. Hadipour. Extension of the electre method based on interval-
valued fuzzy sets. Soft Computing, 15:569-579, 2010.

D. Pamucar, M. Zizovié, S. Biswas, and D. Bozanié¢. A new logarithm methodology
of additive weights (Imaw) for multi-criteria decision-making: application in logistics.
Facta Universitatis, Series: Mechanical Engineering, 19:361, 2021.

B. Ayan, S. Abacioglu, and M. P. Basilio. A comprehensive review of the novel
weighting methods for multi-criteria decision-making. Information, 14:285, 2023.

O. F. Gorgiin and H. Kiigiikonder. Evaluation of the transitions potential to cyber-
physical production system of heavy industries in turkey with a novel decision-making
approach based on bonferroni function. Verimlilik Dergisi, pages 1-16, 2022.

Z. Wen, H. Liao, and E. K. Zavadskas. Macont: mixed aggregation by comprehensive
normalization technique for multi-criteria analysis. Informatica, pages 1-24, 2020.

I. Z. Mukhametzyanov and D. Pamucar. ”thin” structure of relations in medm models.
equivalence of the mabac, topsis(11) and rs methods to the weighted sum method.
Decision Making: Applications in Management and Engineering, 7:418-442, 2024.
A. Puska, D. Bozanié¢, Z. Mastilo, and D. Pamucar. A model based on merec-cradis
objective decision-making methods and the application of double normalization: a
case study of the selection of electric cars. 2023.

V. Jakovljevié¢, M. Zizovi¢, D. Pamucar, Z. Stevié¢, and M. Albijani¢. Evaluation of
human resources in transportation companies using multi-criteria model for ranking
alternatives by defining relations between ideal and anti-ideal alternative (raderia).
Mathematics, 9:976, 2021.

D. D. Trung. Comparison r and curli methods for multi-criteria decision making.
Advanced Engineering Letters, 1:46-56, 2022.

Dragisa Stanujki¢, Darjan KarabaSevié¢, Gabrijela Popovi¢, Edmundas Kazimieras
Zavadskas, Muzafer Saracevi¢, Predrag S Stanimirovié¢, Alptekin Ulutas, Vasilios N
Katsikis, and Ieva Meidute-Kavaliauskiene. Comparative analysis of the simple wisp
and some prominent medm methods: A python approach. Azioms, 10(4):347, 2021.



