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ABSTRACT

Data standardization 1s considered as mandatory work when applying most Multi-Criteria
Decision Making (MCDM) methods. This study was conducted to identify the appropri-
ate data standardization methods in combining with the RAM (Root Assessment Method)
method. Thirteen different data normalization methods were applied in combining with the
RAM method to solve the different problems. Among the thirteen tested data normalization
methods, there 1s an available data normalization method from RAM method. In addition
to this one, this study proposed another data normalization method that is determined to be

suitable when combining with the RAM method.

1. Introduction

Determining the best solution among many solu-
tions while considering many criteria of each solu-
tion 1s always the set goal in all situations, in all dif-
ferent fields. This is a multi-criteria decision making
(MCDM) action [1], [2]. The number of MCDM
methods proposed by scholars is increasing rapidly,
currently, this number has exceeded 200 [3]. RAM is
a very young method, it first appeared on September
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7, 2023 [4]. According to the proponent of the RAM
method, this method has the advantage of overcom-
ing the shortcomings of existing MCDM methods.
The advantage is the ability to compensate between
beneficial criteria and non-beneficial criteria. Limit-
ing the rank reversal phenomenon is also an advan-
tage ol RAM method [4]. It is also necessary to men-
tion again the rank inversion phenomenon. This 1s
the phenomenon that the ranks of solutions change
when the number of ranked solutions increases or
decreases. For example, when there 1s a ranking for
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a set of solutions, but adding a solution that 1s worse
than the previous solutions causes the ranks of the
previous solutions to change. This often causes the
confusion and difficulty in decision making, especial-
ly in situations that require multidimensionality and
carefully analysis from many factors [5], [6].

Although the RAM method has been mentioned
with its above advantages, this method has only ap-
peared for a short time, so, only a few studies have
applied this one. These can be mentioned as applying
RAM method to choose the optimal solution about
fertilizers and planting mixtures in mushroom care
[7], applying to choosing the best lubricant for two-
stroke engines, choosing the best materials for manu-
facturing gears [8], applied to select the best fireproof
materials [9], applied to determine the most efficient
production method for fuel cell vehicles [10].

When using the RAM method as well as most
other MCDM methods, an important mission 1s the
data normalization. Data normalization is the con-
verting process of criteria with different dimensions
into criteria without dimensions [11]. In this way, the
decision making only focuses on the nature of the
data and eliminates the influence of different dimen-
sions on the decision [11]. However, when looking
closely at the RAM method, a limitation of this meth-
od was found. This lmitation of the RAM method
1s that the data normalization method available in it
cannot be used In certain cases. Details about this
1ssue will be discussed 1n section 3 of this paper.
When a certain data standardization method cannot
be used, it 1s necessary to find an alternative data stan-
dardization method [12], [13]. This study was con-
ducted to search for data normalization methods that
were determined to be suitable for combination with
RAM method. In order to accomplish this task, an
overview of some combinations of data normaliza-
tion methods and the MCDM methods 1s necessary.
This content 1s presented in section 2 of this paper.

2. Overview

As mentioned above, it is necessary to identify the
data normalization methods that are suitable when
combined with MCDM methods. Table 1 presents
the names and calculation formulas of some com-
monly used data normalization methods [14]. In
which, B and C represent the larger the better crite-
rion and the smaller the better criterion, respectively.
Also in Table 1, x; represents the value of criterion
j at solution i, m 1s the number of solutions, with
i=1+m.

The summarized information in Table 1 shows
that not all data normalization methods can be used
m all cases. Consider a few situations to clarify this
statement. In the first situation, if a certain criterion
1s of type B (the bigger the better) and its maximum
value 1s zero, the methods N1, N5, N6, N8, N9, N10
cannot be used. Consider another situation, if a cer-
tain criterion is of type C (the smaller the better) and
1ts value 1n a certain solution 1s zero, then methods
N1, N3, N5, N7, N10 also cannot be used. If these
cases occur, choosing another data standardization
method to mstead 1s necessary.

However, many studies have shown that the
choice of data normalization method has a significant
mmpact on the results of ranking solutions [15, 16].
Therefore, before using a certain data normaliza-
tion method to combine with an MCDM method,
it Is necessary to investigate the appropriateness of
combining them together. This work has also been
found in many studies, in many different fields. The
Information about some mvestigations on this topic
was summarized in Table 2. in which, the cells col-
ored green show the compatibility when combining
the data normalization methods and the MCDM
methods. The cells highlighted in yellow represent
the nonconformities when combining the data nor-
malization methods and the MCDM methods. The
uncolored cells show that the investigations about the
combinations of the data normalization methods and
the MCDM methods has not been mentioned (con-
sidered 1n the references that this work used).

The summarized results in Table 2 show that for
each MCDM method, only one or a few data nor-
malization methods are determined to be suitable
to combine with it. Even with an MCDM method,
the suitability of data normalization methods when
combined with it will change when applied to spe-
cific problems. Reviewing Table 2 shows that N5 1s
determined to be suitable to combine with the CO-
DAS method when ranking smartphones, but it is
not suitable to combine with the CODAS method
when ranking robots, ranking the atmosphere in the
office, and rank turning processes. In another case,
the VIKOR method was determined to be suitable
in combining with N2 method to rank the wireless in-
ternet systems, but N2 method was determined to be
unsuitable in combining with VIKOR when ranking
the products through customer feedback. Similarly,
with the N4 method, this problem also occurs when
combining it with the VIKOR method. These 1ssues
show that determining the suitability of data normal-
1ization methods with each MCDM method needs to

be carried out 1n each specific application case.
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Table 1. The data normalization method [14]

Method ifjeB ifjecC Sign
) o Xij min x;;
Linear normalization max x. B N1
ij ij
X;i — Min x;; max x;; — X;;
Weitendorf normalization — — N2
max x;; — min x;; max x; — min x;;
sum li lizati srl— LT N3
um linear normalization
L1 Xij Xt 1/x;
Xij 1— Xif
Vector normalization 2 2 N4
2?1:1(9511‘) Z?Ll(xij)
h | Inx;; 1 Inx;;
Logarithmic normalization im0 im0 N5
& In(TT7, x;) (I, xi)
' o *ij PR
Max linear normalization prep— T max N6
ij y
o o min x;; min x;;
Min linear normalization T — N7
ij y
. . o max x; — x;; min Xy — Xy
Juttler-Korth normalization 1- 1—|— N8
max Xx;; max x;;
X X 3
Peldschus normalization —7 — N9
max x;; max x;;
o 100x;; 100min x;;
Stop normalization pe— BT N10
ij y
i Xij Tt Xij
| YT T YT T
Z-score normalization 2 - 7 N11
Z}L(xu _Mj) }Zril(xu _”1)
m m
maxx — Xy — minx;;
Enhanced accuracy normalization TN (e — o) N12
y Z}”:l(maxxij - x;j)

- Z?”:1(xi/ - X)

The standardization method available in the
RAM method cannot be used if the total value of a
certain criterion 1n all solutions is zero. When ob-
serving the data normalization formula available in
the RAM method in section 3 of this study, you will
see that this comment 1s completely accurate. This 1s-
sue prompted an investigation to find other data nor-
malization methods that were identified as suitable
methods in combining with RAM method.

3. RAM Method

In order to rank the solutions using RAM meth-
od, the performing process is presented by the steps
as follows [4].

Step 1: Build a decision-making matrix with m rows
and n columns, in which m 1s the number of the so-

lutions that need to be ranked, n is the number of

criteria for each solution. Let y; to be the value of

criterion j at solution i, withj = 1 +n, i = I +m.

Step 2: Normalize the data by Eq. (1). This method

of data normalization 1s denoted N13.
xi]’

Xt Xij

Ty = (1)

Step 3: Calculate the standardized values when con-
sidering the weights of the criteria by Eq. (2).
Yij =W "1y &)
where, w; 1s the weight of criterion number ;.

Step 4: Calculate the total standardized score when
considering the weights of the criteria by Eq. (3) and
Eq. (4). In which, Eq. (3) applies to criteria of type B
and Eq. (4) applies to criteria of type C.

n
Sy = Z Y+ij 3)
j=1
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Table 2. The combination of data normalization methods and MCDM methods
Normalization method
MCDM method N o T v 6 ~ ©® o O = o Application cases Sources
z =z =z =z zZz =z zZz zZz zZz T z Z
CODAS - Rank the smartphones [17]
Rank the robot types, rank the
CODAS working room atmosphere, and [18]
rank the turning processes
Rank the participating candidates
SAW as PhD students [19]
PIV Rank the ﬁnanual_ situation of [20]
companies
ROV . Rank the ﬁnanaal_ situation of [21]
companies
AHP - Rank the smart parking locations [22]
WASPAS Rank the food processing methods ~ [23]
TOPSIS Rank the food processing methods ~ [23]
TOPSIS Rank the drone landing solutions [24]
TOPSIS Rank the car types [25]
Simple WisP Rank the solutions for a set of 1261
random numbers
VIKOR . Rank the wireless internet network [27]
systems
Rank the products based on the
VIKOR . customer feedback [28]
WASPAS Rank the robot types [29]
Rank the personnel for a company,
rank the types of robots, rank the
PSI . } [30]
turning processes, rank the air
condition in the offices
Rank the metal drilling methods,
rank the personnel for a garment
CRADIS company, rank the medical waste [31]
incinerators, rank the air quality
in offices
Rank the logistics service provider,
MACONT rank the robots, rank the turning [32]
processes
Rank the turning processes, rank
MARCOS the milling processes, rank the [33]

grinding processes

(4)

n
S_i = z Y—ij
j=1

Step 5. Calculate the score of each solution by Eq. (5).

2+S_; ,—2 TS5

Step 6: Rank the solutions in descending order of

R, = (5)

their RIi scores.

It seems that applying the six above steps to rank
the solutions 1s very simple and straightforward. This
was also confirmed by the proponent of this method
[4]. However, if for a certain criterion the total of
their values of the solutions is zero, then Eq. (1) will

be meaningless. It means N13 cannot be used. In this
case, applying the RAM method is impossible. This
situation motivated the studies to 1dentify other data
normalization methods that could replace N13. This
study will investigate the suitability of all thirteen data
normalization methods that were mentioned above
i combining with the RAM method. Thirteen data
normalization methods are mentioned, including
the twelve methods in Table 1, and N13 to be the
method available of the RAM method. The main ob-
jective of this study is to determine the data normal-
1zation methods that are validated as suitable when
combining with the RAM method. In order to save
time and costs, the surveys were conducted based on
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the referenced datasets from published references.
In previously published studies, the ranks of solu-
tions were determined using other MCDM methods.
The ranked results using other MCDM methods in
those studies will be used as answers to evaluate the
suitability of data normalization methods when com-
bining with the RAM method. In the next section of
this study, the surveys will be carried out in some spe-
cific cases.

4, Results and Discussion
4.1 Application Cases

411 Case 1

Nine experiments of a milling process were per-
formed. Two objectives including surface roughness
(Ra) and material removal rate (MRR) were measured
in each experiment. The data of the experimental
process was summarized in Table 3. The units and
weights of each criterion are also clearly shown in this
table [34]. Ra is a C-type criterion, MRR is a B-type
criterion. The selection of the best experiment was
also performed previously using five different meth-
ods including EDAS, MARCOS, PIV, MOORA,
and TOPSIS methods [34].

Table 3. The experimental results of milling processes [34]

Ra MRR
Exp. .
pm mm?/min
#1 0.571 1120
#2 0.818 2400
#3 0.493 4160
#4 0.426 1680
#5 0.47 3200
#6 0.851 2080
#7 0.437 2240
#8 0.694 1600
#9 0.717 3120
Weight 0.6641 0.3359

Ranking the experiments in Table 1 using the
RAM method is conducted as follows:

Standardization of data according to the N13
method was performed, and the normalization re-
sults are summarized i Table 4.

The standardized values when considering the
weights of the criteria were calculated according to
Eq. (2). The results are summarized in Table 5.

Table 4. The normalized values using N13 method

Exp. Ra MRR
#1 0.1043 0.0519
#2 0.1494 0.1
#3 0.0900 0.1926
# 0.0778 0.0778
#5 0.0858 0.1481
#6 0.1554 0.0963
#7 0.0798 0.1037
#8 0.1267 0.0741
#9 0.1309 0.1444

Table 5. The normalized values using N13 method with the
weights of criteria

Exp. Ra MRR
#1 0.0692 0.0174
#2 0.0992 0.0373
#3 0.0598 0.0647
#4 0.0517 0.0261
#5 0.0570 0.0498
#6 0.1032 0.0323
#7 0.0530 0.0348
#8 0.0841 0.0249
#9 0.0869 0.0485

The Eq. (3), (4), and (5) were applied respective-
ly to calculate the values of some parameters in the
RAM method. The calculated results were summa-
rized in Table 6. The rankings of the experiments
were also determined and summarized in this table.

Table 6. Several parameters in RAM method and the rank of
the experiments

Exp. Sii S.i RI; Rank
#1 0.0174 0.0692 1.4038 6
#2 0.0373 0.0992 1.4036 7
#3 0.0647 0.0598 1.4219 1
#4 0.0261 0.0517 1.4108 4
#5 0.0498 0.0570 1.4175 2
#6 0.0323 0.1032 1.4010 9
#7 0.0348 0.0530 1.4135 3
#8 0.0249 0.0841 1.4029 8
#9 0.0485 0.0869 1.4100 5

The ranking of milling experiments using N13
to normalize data has been completed. For twelve
different data normalization methods (N1 to N12),
the same processes were applied. Figure 1 shows a
histogram of the ranking results of milling experi-
ments when using the RAM method in combining
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Figure 1. Ranking the experiments of milling processes using different methods

with thirteen different data normalization methods
and when using five other MCDM methods (EDAS,
MARCOS, PIV, MOORA, TOPSIS).

The results from Figure 1 show that, when using
13 different data normalization methods, only N9
and N13 were able to identify experiment #3 as the
best experiment like when using the remaining five
MCDM methods. In addition, the rankings of the
experiments using the RAM method (combined with
N18) are completely identical to those when using the
MARCOS method. The rankings of the experiments
when using N9 to combine with RAM also overlap
mn 7/9 experiments compared to the case using N13
to combine with RAM and compared to the case us-
g the MARCOS method. This confirms that in this
case, the N9 is suitable to combine with RAM. Ad-
ditionally, the worst experiment that was found when
using N9 combined with RAM (experiment #6) was
the same as the case using N13 combined with RAM
and the same the cases using the MARCOS, PIV,
MOORA, and TOPSIS methods.

4.1.2 Case 2

Sixteen experiments of a turning process were per-
formed. In each experiment, four criteria including
surface roughness (Ra), roundness deviation (RE),
tool wear (VB), and material removal rate (MRR)
were measured and summarized in the Table. 7. Ra,
RE, and VB are three criteria of type C, only one
criterion of type B 1s MRR [35].

Determining the best experiment among sixteen
experiments was also performed using the COCO-
SO, MABAC, MAIRCA, EAMR, and TOPSIS
methods [35]. The ranking of turning experiments
using the RAM method in combining with thirteen
different data normalization methods was also per-
formed similarly to case 1.

Table 7. The experimental results of turning processes [35]

Ra RE VB MRR
Exp. um um um mm>/min
min min min max
#1 0.238 1.500 2.898 21.333
#2 0.755 3.467 0.663 53.333
#3 1.271 6.233 3.941 96.000
#l 0.146 2.250 2.358 149.333
#5 0.442 5.200 2.874 53.333
#6 0.958 7.466 3.393 33.333
#7 0.389 3.000 1.812 160.000
#8 0.128 6.934 2.328 140.000
#9 0.644 8.527 2.848 96.000
#10 0.322 4.800 2.534 160.000
1 0.838 7.654 3.048 48.000
12 1.073 5.666 3.244 112.000
13 0.224 2.400 0.976 149.333
14 0.285 4.766 1.486 140.000
15 0.520 2.833 1.678 112.000
16 0.308 3.600 2.463 65.333
Weight 0.315 0.291 0.233 0.161

The results from Figure 2 show that when using
the RAM method to rank the experiments, the ex-
periments that were ranked 1%, 4, 5t", 6%, 7" 11t
14 15", and 16" were completely identical when us-
g two data normalization methods (N9 and N13).
The special thing 1s that the best experiment (experi-
ment #13) 1s completely identical to that one when
using RAM methods (combined with two methods
N9 and N13) and other multi-criteria decision mak-
ing methods including COCOSO, MABAC, MAIR-
CA, EAMR, and TOPSIS methods. In other words,
m this case, N9 was also determined to be suitable
to combine with the RAM method. Additionally, the
worst experiment that was found using N9 combined
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N1 N2 N3 N4 N5 Né N7 N8 N9

N10 N1 N12 N13
—#11

COCOS0 MABAC MAIRCA EAMR TOPSIS
#12 - =213 ~#14 #15 #16

Figure 2. Ranking the experiments of turning processes using different methods

with the RAM method (experiment #3) 1s also the
worst experiment when using N13 combining with
the RAM method and also the worst one when using
other multi-criteria decision-making methods includ-

ing COCOSO, MAIRCA, and TOPSIS methods.

4.1.3Case 3

In this case, ranking of drilling experiments was
performed. The data of seventeen drilling experi-
ments are listed in Table 8 [30, 36]. In each experi-
ment, the six criteria include drilling time (1), entry
burr height (enH), exit burr height (exH), entry burr

Table 8. The experimental results of drilling processes [30, 36]

thickness (enT), exit burr thickness (exT), and sur-
face roughness (Ra) were measured and stored. All
six of these criteria are B-type criteria. Determining
the best drilling experiment among seventeen ex-
periments was also conducted previously using the
FUCA method [30] and using the two other methods
(TOPSIS and COPRAS) [36].

The ranking of drilling experiments using the
RAM method in combining with thirteen data nor-
malization methods was also performed similarly to
the two above cases.

Figure 3 presents the ranked results of drilling ex-
periments using different methods.

T enH exH enT exT Ra

Exp. s mm mm mm mm pm
min min min min min min
#1 14.03 0.051 0.058 0.105 0.21 0.479
#2 7.59 0.053 0.058 0.155 0.245 .21
#3 7.34 0.035 0.06 0.165 0.215 0.916
#4 4.06 0.033 0.075 0.18 0.215 0.535
#5 5.4 0.048 0.078 0.25 0.195 0.601
#6 55 0.05 0.084 0.185 0.185 0.703
#7 2.81 0.033 0.058 0.185 0.185 0.466
#8 2.62 0.028 0.048 0.2 0.19 0.577
#9 2.88 0.028 0.05 0.18 0.15 0.417
#10 2.75 0.043 0.051 0.23 0.195 0.675
#11 2.84 0.043 0.055 0.165 0.205 0.418
#12 1.59 0.028 0.074 0.145 0.17 0.601
#13 1.88 0.038 0.064 0.185 0.175 0.563
#14 3.44 0.049 0.066 0.19 0.185 0.391
#15 2.04 0.023 0.059 0.16 0.18 0.493
#16 2.1 0.043 0.05 0.235 0.185 0.675
#17 1.25 0.04 0.049 0.44 0.19 0.65

Weight 0.3 0.1 0.1 0.1 0.1 0.3
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Figure 3. Ranking the experiments of drilling processes using different methods

The results in Figure 3 show that the experiments
ranked 1 (experiment #15), ranked 2 (experiment
#9) are completely 1dentical when using RAM meth-
ods (combined with N9 and N13), FUCA method,
TOPSIS method, and COPRAS method. Thus, in
this case, we can also confirm that N9 is suitable to
combine with RAM method.

The three cases performed above have differ-
ences in the number of solutions, differences in the
number of B-type criteria, and differences i the
number of C-type criteria. However, in all three cas-
es, 1t has been confirmed that the combination of N9
with RAM always determines the best solution like
when combining N13 with RAM method and also
like when using other MCDM methods. This allows
us to confirm that the N9 is suitable for combination
with RAM method. However, can this compatibility
still be maintained 1f other scenarios arise in each
case? To answer this question, sensitivity analysis
when ranking solutions is necessary and this content
1s presented 1n the next section of this study.

4.2 Sensitivity Analysis

Changing the determining weight method for cri-
teria, changing the types of criteria, removing a solu-
tion from the list of solutions are three commonly
used methods to create different scenarios when con-
ducting the sensitivity analysis [37, 38, 39]. Removing
a solution from the list of solutions that was the creat-
g different scenarios method applied in this study.
This method has also been used in several recent
studies [14, 40].

To ensure the objectivity of the sensitivity analysis
results, the elimination of a certain solution is also

chosen objectively. In the case of ranking the mill-
ing experiments, the last experiment (experiment #9)
was removed from the list. In the case of ranking the
turning experiments, the first experiment (experi-
ment #1) was removed from the list. In the case of
ranking the drilling experiments, the best experiment
(experiment #15) was removed from the list. The
ranking of experiments (in each specific problem)
1s performed using the RAM method with two data
normalization methods including N9 and N13 meth-
ods. Figures 4, 5 and 6 are the graphs presenting the
ranked results of the experiments in the three cases
as above mentioned.

The results from Figure 4 show that after remov-
ing #9, the rankings of 6/8 solutions are completely
the same when using N9 and N13. The special thing
1s that #3 1is still determined to be the best experi-
ment, #6 1s still determined to be the worst experi-
ment like in the case when #9 was not removed from
the List. This confirms that removing #9 from the list
of solutions does not influence on the identified re-
sults of the best and worst experiments. Therefore,
a definite conclusion is drawn that the N9 1s suitable
for combination with RAM.

The results from Figure 5 show that after remov-
g #1 from the list, the best experiment that was
found when using the combination of N9 with the
RAM methods (experiment #13) is also the best one
when using a combination of N13 and RAM meth-
ods. The worst experiment (experiment #13) was
found to be the same when using both N9 and N13
methods. Interestingly, both the best and the worst
experiments that were found after removing #1 from
the list were still the best and the worst ones before
removing #1 from the list. These things further rein-
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Figure 6. Ranking the drilling experiments after removing #15 experiment from the list of experiments

force the opinion that N9 is suitable to combine with
RAM method.

The results from Figure 6 show that after remov-
ing the best experiment from the list (experiment
#15), #9 1s determined to be the best experiment in
both cases using N9 combining with RAM and us-
mg N13 combining with RAM. The special thing 1s
that before removing #15 from the list, #9 was ranked
2nd in all cases (combining N9 with RAM, combin-

mg N13 with RAM, and when using other MCDM
methods including FUCA, TOPSIS, and COP-
RAS). This confirms that N9 is very suitable to com-
bine with RAM method.

Through the three surveyed cases, it shows that
when combining N9 with the RAM method, it always
finds the best experiment like when combining N13
with the RAM method. It is also important to recall
that N13 1s a data normalization method available in
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RAM method. In particular, the combination of N9
with RAM method always finds the best experiments
like when using other MCDM methods. Different
scenarios were also created for sensitivity analysis.
The analytical results still confirm that N9 1s very
suitable for combination with the RAM method. The
discovery that N9 was determined to be suitable for
combination with RAM method 1s very important in
cases when the data normalization method available
m RAM method (N13) cannot be applied. In this
case, we can use N9 to replace N13. A hypothetical
case that follows will highlight this conclusion.

4.3 Using N9 in combining with RAM method
in cases N13 cannot be used

Suppose there are five solutions including A1, A2,
A3, A4, and Ab5. Each solution includes four criteria
Cl, C2, C3, and C4 as listed in Table 9. C1 and C3
are two criteria of type B, whereas the remaining two
criteria (C2 and C4) are both of type C. This case is
called case 4. The task of multi-criteria decision mak-
ing 1s to find a solution (among five solutions) that
ensures Cl and C3 are considered the smallest, and
C2 and C4 are considered the largest.

Table 9. The data of case number 4

Alt. C1 C2 C3 C4
Al 5 12 108 0.55
A2 2 27 98 0.34
A3 -6 32 72 0.34
A4 -1 33 100 0.18
A5 0 15 10 0.24
Weight 0.25 0.25 0.25 0.25

In Table 9, the authors tried to make the data
special so that N13 could not be applied. The spe-
cial thing is that the total value of criterion C1 in the
five solutions 1s 0. In this case, N9 was selected to
combine with the RAM method. For simplicity, the
weights of criteria were chosen to be equal, i.e., equal
to 0.25. The FUCA, TOPSIS, and CURLI methods
were also used in this case. This work aims to evalu-
ate the accuracy in finding the best solution when us-
ing a combination of N9 with RAM methods. The
FUCA, TOPSIS, and CURLI were used to compare
to the combmation of N9 and RAM method because
these three methods have differences in the ways
to apply. FUCA that is a method, does not require
the data normalization method [30, 41]. TOPSIS
that 1s a well-known method is considered the most

used among MCDM methods [42, 43]. In addition,
CURLI that 1s the only one method can be used with-
out data normalization method and without calculat-
ing method of the weights of the criteria [44, 45].

Figure 7 presents a graph showing the ranked re-
sults of solutions using different methods.

The results from Figure 7 show that the ranked
1 and 2 of solutions are completely coincident when
using the FUCA, TOPSIS, CURLI methods and
when combining N9 with RAM method. This fur-
ther reinforces the assertion that N9 is suitable for
combination with RAM. The sensitivity analysis was
also performed 1n this case. A scenario that was cre-
ated by removing the best solution (A3) from the list
of solutions. Figure 8 presents a graph representing
the results of ranking the solutions after removing A3
from the list of solutions.

After withdrawing the best solution (A3) from
the list of solutions, A4 1s determined to be the best
solution in all four cases (including the combination
of N9 and RAM method, and when using the three
MCDM methods including FUCA, TOPSIS, and
CURLI method). In which, A4 1s the 2nd ranked so-
lution when A3 has not been removed from the list
of solutions. This helps us firmly confirm that N9 is
suitable to combine with the RAM method, and N9
can completely be used to replace N13 i this case.

5. Conclusions

RAM s a recently proposed MCDM method.
In order to apply this method, users only need to
use simple mathematical formulas, so this method 1s
expected to attract a large amount of attention from
scholars. However, the data normalization method
available in RAM (method N13) cannot be used in
the cases where the total values of a certain criterion
i all solutions is zero. Twelve other data normaliza-
tion methods (from N1 to N12) were used to investi-
gate the level of agreement when combined with the
RAM method.

The mvestigation was conducted m four differ-
ent cases. In the first three cases, the selected prob-
lems have differences in the number of solutions,
the number of criteria, and the type of criteria. In all
those cases, this study identified that N9 is the suit-
able method for combination with the RAM method.
In the fourth case, the evaluation of the suitability
when combining N9 with the RAM method was per-
formed. In this case, N13 cannot be applied. The
analyzed results still confirm that N9 1s suitable for
combination with the RAM method. Therefore, the
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Figure 8. Ranking the solutions of case number 4 using different methods after removing A3 from the list of solutions

application range of the RAM method 1s expected to
be much larger than its current version based on this
new discovery.

In this study, N9 was determined to be suitable
for combination with the RAM method in MCDM
problems i three different mechanical machining
processes (milling, turning, and drilling) and in one
assumption case (case 4). However, has the N9 been
determined to be suitable for combination with RAM
i other fields? To answer this question, the mvesti-
gation of combining the N9 with RAM method needs
to continue to be carried out in each specific applica-
tion.

In addition, this study has not considered the situ-
ation where the components in the decision-making
matrix are sets of fuzzy numbers. In that context,
whether the N9 method could still be determined to
be suitable for combination with RAM method 1s a
question that needs to be answered through the fur-
ther development of fuzzy-RAM method in further
studies.
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