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a  b  s  t  r  a  c  t

In  the process  of  decision-making,  sometimes  analysts  are  given  a sub-set  of criteria  for  which  statistical
data  are  available  from  experiments,  whereas  for some  other  criteria,  only  qualitative  judgments  can
be made.  In  such  situations,  it is important  to  consider  the  weights  of experimental  criteria  along  with
the decision  maker’s  qualitative  weights.  Furthermore,  in  complex  decision  scenarios,  one  may  need
to  consider  the  time  notion  and  evaluate  the  behavior  of  alternatives  over  time,  before  making  a final
eywords:
ime-dependent MCDM
uzzy AHP
NOVA
afer machine selection

ignal-to-noise ratio

decision.  This  article  using  the  revised  fuzzy  analytic  hierarchy  process  (AHP)  introduces  a  new  decision
process  to include  (1)  time  dependency  of  decisions  and  (2)  statistical  weighting  from  the  standard
analysis  of  variance  (ANOVA).  The  application  of  the  method  is  shown  via  a  case  study  in  the selection
of  wafer  slicing  and  coating  process  for  a three-year  operation  time.  A signal-to-noise  metric  has  been
adapted  to  differentiate  among  alternatives  that  swap  ranks  over  time.  The  method  is  straightforward
and  can  be  adapted  to other  multiple  criteria  decision  making  (MCDM)  models.
. Introduction

Decision-making involves identifying and choosing alternatives
ased on their performance values and the preferences of the deci-
ion maker. Following Baker et al. [1],  in the most general form a
ecision-making process can be divided into the following steps:
1) identify the decision maker(s)/stakeholder(s), (2) define the
roblem and reduce possible disagreement about the problem def-

nition, (3) determine the requirements, (4) establish the goals, (5)
dentify the alternatives, (6) define the criteria, (7) select the deci-
ion making tool, (8) evaluate the alternatives against the criteria,
nd (9) validate the solutions against the problem statement.

The analytic hierarchy process (AHP) along with its extensions
s one of the most effective methods for multiple criteria decision

aking (MCDM) and has been used in many disciplines (e.g., in
electing houses [1],  evaluating wafer slicing quality [2],  choos-
ng energy efficiency technologies [3],  comparing RFID systems for
he glass industry [4],  in strategic project selection [5],  IT, med-
cal and many other fields [6–24]). The AHP was  first proposed
y Saaty [7],  who decomposed the decision making process into

 hierarchy of criteria, sub-criteria, and alternatives through a set

f weights that reflect the importance of the alternatives. By mak-
ng pairwise comparisons at each level of hierarchy, participants
an also develop relative weights to differentiate the importance
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of the criteria. Saaty has recommended a scale from 1 to 9, 1 being
the lowest importance and 9 being an extreme importance. For
fully consistent cases, only half of the comparisons in the decision
matrix at each level of hierarchy need to be made, since the other
half would take the reciprocal values. Belton and Gear [8] found a
logical problem in the original AHP method. When they added an
identical alternative of the same value as one of the original non-
important alternatives in a typical decision matrix, they found that
the final ranking of top alternatives was changed. Accordingly, they
proposed a revised AHP method to overcome this rank irregularity
problem. The difference in the revised method lies in the normal-
ization of the values of decision matrix. The original AHP divides
each entry in a column of the decision matrix by the sum of the col-
umn’s values, while in the revised AHP, each entry is divided by the
maximum of the column [8].  Vadiya and Kumar [9] provided a very
comprehensive review of applications of the AHP methods [7,10].
They classified the reported applications of AHP in two ways: based
on application themes, and based on application areas. For the
first type of classification, three main groups of papers were iden-
tified with: (a) applications in selection, evaluation, benefit–cost
analysis, allocations, planning and development, priority and rank-
ing, and decision-making, (b) specific applications in forecasting,
medicine and related fields, and (c) applications combined with
some other methodologies such as optimization, quality function

deployment, and fuzzy logic [11–14].  The main reasoning for using
fuzzy AHP has been that the conventional AHP with crisp input
data might not properly model actual human thinking in decision
scenarios under uncertainty, specially for qualitative criteria. In

dx.doi.org/10.1016/j.asoc.2011.05.049
http://www.sciencedirect.com/science/journal/15684946
www.elsevier.com/locate/asoc
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he fuzzy AHP, calculations are performed using fuzzy numbers as
pposed to the crisp numbers used in the conventional AHP. For the
econd category of classification, the chosen application areas by
ifferent researchers and practitioners have been personal, social,
anufacturing sector, political, engineering, education, industry,

overnment, management, etc.
The present work is to propose an integration of time depen-

ence and ANOVA analysis into a fuzzy AHP solution procedure
i.e., application based in theme (c) of the above classification). An
llustrative example in the semiconductor industry has been taken,
owever the method can be conveniently adapted to other applica-
ion areas where various attributes change and interact over time.
efore proceeding to methodological considerations, let us first dis-
uss the general motivation of the work towards the inclusion of
he time notion in multiple criteria decision making.

. Why  time dependency

There have been several methods established in MCDM (e.g.,
1–24]), most of which discuss different techniques for taking deci-
ions with multiple, conflicting criteria at a given (present) time.
ittle or no effort has been made to take into account the effect of
uture (time dependent) behavior of alternatives that may  affect
he decision process at the present time. In the conventional time-
ndependent AHP process, the decision maker (DM) assigns weights
importance factors) to different decision criteria and also intro-
uces a relative performance for each pair of alternatives with
espect to each criterion. As a result, the ensuing decision matrix
alues are entirely based on the available information consider-
ng the present time. If an alternative should be chosen based on
ts performance over a period of time, the DM should then think
bout both present and future times while assigning different rel-
tive weights to alternatives and criteria. For instance, the resale
alues of different residential properties in a future time (say in 3
ears) may  be different from their values in the current time based
n the location, ongoing urban developments, etc. If one of the cri-
eria for the investor (decision maker) is the property resale value
ithin the next three years, the comparison of different alterna-

ives (properties) should then be done with respect to year 1, 2,
nd 3.

As another example, let us consider that in a typical semiconduc-
or manufacturing company, a project manager is asked to select
ne of various IC (integrated circuit) development projects. Some
rojects are cost effective while at the same time there is a dan-
er that the ensuing product may  be outdated soon. While some
ther projects have very good technical features, they are not cost
ffective because the cost of manufacturing is suspected to increase
ver time. Similarly, there may  be many other (potentially conflict-
ng) criteria such as user features, market share of the company
nd available budget that can vary over time. Also, it takes close
o 2.5 years to develop a fully functional chip with given specifi-
ations. In such selection scenarios, if the manager selects a final
roject based on the present time evaluations of different alter-
atives (projects), it may  not necessarily be optimal in the future,
ay after 2.5 years. There may  be some other alternatives that could
ehave better at the time that chip is actually built. If the total man-
facturing costs of alternative A and alternative B are compared in
ear 1, the result can be different than they would be if compared
n year 2. Subsequently, if the decision model allows the decision

aker to think at different intermediate timeframes while eval-
ating different alternatives and criteria, more efficient decisions

re made. Furthermore, no quantitative (experimental) evaluation
ay  be possible for some sub-set of criteria and fuzzy (qualitative)

omparisons using the linguistic terms are normally preferred by
he DM.
puting 11 (2011) 5099–5109

In this article, we  present a time-dependent decision making
methodology that can consider the current and future behavior of
alternatives, as well as the combination of both qualitative and
quantitative criteria, and finally give the optimal choice in the
present time based on a signal-to-noise metric. Earlier studies on
AHP and its applications have been based on time-independent
properties of criteria values. For qualitative criteria, as in the fuzzy
AHP method, fuzzy comparisons of different alternatives are used
based on linguistic terms (as opposed to crisp numbers). For a quan-
tifiable sub-set of criteria, in addition to the AHP weights from the
DM,  an objective set of weights are included from the analysis of
variance (ANOVA) on available experimental data. The methodol-
ogy has been illustrated through a case study on selecting a wafer
fabrication process for a semiconductor manufacturer. In the sec-
tions to follow, after a review of the revised fuzzy AHP (Section
3), the proposed methodology is described in Section 4. The case
study is presented in Section 5 and conclusions and potential future
research directions are included in Section 6. An appendix is also
included to discuss the effect of ANOVA weights in the method.

3. The revised fuzzy AHP

Originally, Zadeh proposed the fuzzy numbers theory [10]
where numbers are not crisp but sets of values. A comprehensive
description of the importance of the fuzzy set theory in engineering
decision-making and scientific problems is given in earlier works
(see, e.g., [9,19,20]). The approach captures the fuzziness involved
in decisions by formulating vagueness/imprecision/uncertainty in
human judgments. The most critical step in the application of the
fuzzy set theory is to effectively fuzzify the pertinent (qualitative)
data; however there is no unique/universal way of determining
fuzzy membership values. A fuzzy number M on R(−∞, +∞) is,
e.g., defined to be a fuzzy triangular number when its membership
function �M : R → [0, 1] is defined as:

�M(x) =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

x − l

m − l
if x ∈ [l, m]

u − x

u − m
if x ∈ [m, u]

0 otherwise

(1)

In this membership function, l ≤ m ≤ u, where l and u stand for
the lower and upper bounds of the fuzziness, respectively, and m
is the nominal value. The fuzzy triangular represented by Eq. (1) is
commonly shown as [l, m,  u]. In order to rank the final alternatives
having fuzzy scores, there are several methods proposed by differ-
ent researchers (see a comprehensive review of these methods by
Asady and Zendehnam [15]). Of the most commonly used methods,
the centroid and the area methods can be named [16].

Let us consider two  fuzzy numbers M1 [l1, m1, u1] and M2 [l2,
m2, u2]. The common fuzzy operations are defined as:

M1 ⊕ M2 = [l1 + l2, m1 + m2, u1 + u2] (2)

M1 ⊗ M2 = [l1l2, m1m2, u1u2] (3)

M−1
1 =

[
1
u1

,
1

m1
,

1
l1

]
(4)

M1

M2
=
[

l1
u2

,
m1

m2
,

u1

l2

]
(5)

Throughout this manuscript, uppercase and lowercase symbols
are used to indicate fuzzy and scalar values, respectively. The
revised fuzzy AHP uses the same solution procedure as the original

revised AHP, but instead of using crisp numbers, fuzzy numbers
are employed to weigh alternatives and criteria via fuzzy algebraic
operations in Eqs. (2)–(5).  As addressed in Section 1, in the revised
version of AHP proposed by Belton and Gear [8],  for normalization
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Table 1
The scale used for the conversion of linguistic judgments to fuzzy numbers in com-
paring alternatives and/or criteria [4].

Linguistic judgment Fuzzy number

Absolutely strong (3.5, 4.0, 4.5)
Very strong (2.5, 3.0, 3.5)
H.C. Rajput et al. / Applied Sof

urposes each alternative value under a given criterion is divided
y the maximum value of the corresponding column in the
ecision matrix. This is as opposed to the original AHP where the
ormalization is done by dividing to the sum of each column so
hat the sum of normalized values becomes one. Belton and Gear
8] suggested that the revised version could avoid some ranking
nconsistencies in multiple criteria decision-making problems. On
he basis of the latter revision, the revised ‘fuzzy’ AHP process can
e summarized in the following steps (see also, e.g., [20,21] for
ore theoretical details):

tep 1. Develop a hierarchical structure of the given problem (as
n the non-fuzzy revised AHP). After forming the hierarchy, the DM
hould be asked to determine the relative weights (importance)
f criteria via pairwise comparisons with respect to each criterion,
sing a linguistic preference scale of fuzzy numbers. While applying
he weighing process, the DM should be as consistent as possible in
is/her preference ratings. Eq. (6) describes the structure of weights

n the most ideal case (i.e., in the absence of inconsistency in human
udgment) [7,12].

For a given criterion:

⎛
⎝W1/W1 W1/W2 . . . W1/Wn

W2/W1 W2/W2 . . . W2/Wn

. . . . . . . . . . . .
Wn/W1 Wn/W2 . . . Wn/Wn

⎞
⎠
⎛
⎜⎝

W1

W2

W3

. . .
Wn

⎞
⎟⎠
⎛
⎜⎝

nW1

nW2

nW3

. . .
nWn

⎞
⎟⎠ => AW = nW

(6)

In practice, the actual weights (Wi; i = 1,. . .,  n) of alternatives
re normally unknown and the decision maker can only make an
stimate of the relative importance of the alternatives. If Aij repre-
ents the estimated importance of alternative i over alternative j,
nd Aik represents the estimated importance of alternative i over
lternative k, then Aij. Ajk should ideally be equal to Aik, which is the
stimate of the actual ratio Wi/Wk. The pairwise matrix A will be
erfectly consistent if �max = n, where �max is the largest eigenvalue
f A. The total Consistency Ratio (CR) can be measured by the ratio
f a Consistency Index (CI)  to a Randomness Index (RI):

I = �max − n

n − 1
(7)

R = CI

RI
(8)

The RI value for (defuzzified/non-fuzzy) matrices of order 3,
, 5, 6 is often taken to be 0.58, 0.9, 1.12, 1.24, respectively
7].  The CR ≤ 0.10 means a satisfactory degree of consistency in

 comparison matrix [12]. If CR > 0.10, there may  be substantial
nconsistencies and AHP may  not result in meaningful results.

tep 2. After setting up the problem hierarchy and performing
airwise comparisons of alternatives with respect to each crite-
ion, the local and global priority vectors are estimated by using
he assigned relative weight values. Theoretically, this can be done
ia calculating the eigenvector of A corresponding to �max. Alterna-
ively, it can be obtained, as in the original revised AHP, by taking
he geometric mean of each row in the comparison matrix. Under

 given criterion the local priority vector, i.e., W in Eq. (6) is then
stimated as

 = [Wi]
T = [ n

√
Ai1 ⊗ Ai2 . . . ⊗ Ain]

T
; i = 1, 2 . . . n (9)

Next, each fuzzy weight vector is normalized by dividing by its
aximum. Once the local (normalized) priority vectors are found,
hey can be assembled to find each global weight vector. This proce-
ure is pursued from the lowest level of the hierarchy to its highest

evel (components of the hierarchy at a lower level, e.g., alterna-
ives level, are always compared/weighed with respect to an upper
Fairly strong (1.5, 2.0, 2.5)
Weak (0.67, 1.0, 1.5)
Equal (1.0, 1.0, 1.0)

level components, e.g., criteria; similarly the criteria are weighed
with respect to the final goal, i.e., the highest level of a hierarchy).

Step 3. After determining global priorities/weights of alterna-
tives in Step 2, which are still fuzzy, a defuzzification method
is required to compare them and make a final ranking of alter-
natives. A higher weight is attributed to a higher rank. Ideally,
the most preferred alternative would have a score (defuzzi-
fied weight) of one. As addressed earlier, the centroid and
area methods are among most frequently used methods for
defuzzification [16].

4. Proposed methodology in this work

Our main goal here is to include a time dependency in the revised
fuzzy AHP method of Section 3 while allowing the weighting of
quantifiable (experimental) criteria to be adjusted via ANOVA. The
weights of other (non-experimental) criteria are assumed to be
merely based on the DM’s preference information via the revised
fuzzy AHP and the conversion of linguistic data to fuzzy numbers
(Table 1). For the experimental criteria, on the other hand, both the
DM’s weights (subjective) and the ANOVA weights (objective) will
be considered. In a given problem, a quantifiable criterion may  be
statistically significant based on ANOVA, but for the DM it may  or
may  not have a significance in his/her decision-making, and vice
versa. Another goal is to incorporate a signal-to-noise metric into
the decision making process to choose the best alternative that
perform well over time.

Having these goals in mind, the proposed solution process is
shown schematically in Fig. 1 and can be summarized in seven steps
as follows.

Step 1. Analyze the given problem and build a hierarchy of criteria
and alternatives.

Step 2. Identify the set of experimental criteria (Cexp
j

), if any. This
set can then be statistically analyzed using ANOVA to obtain a per-
centage contribution (wp

j
) for each such criterion.

Cexp
j

∈ C

where C is the set of all criteria (experimental and non-
experimental).

Step 3. Consider the present time is t0, and ask the project decision
maker to do pairwise comparisons of criteria using a fuzzy linguistic
scale (e.g., Table 1). Subsequently, determine the relative weights of
each criterion (Wh

j
) using the revised fuzzy AHP process explained

in Section 3. During the normalization of weight vectors (local or
global), each fuzzy weight is divided by the maximum fuzzy weight
vector in the corresponding column in the decision matrix. Fuzzy
divisions are applied based on Eq. (5).  In order to obtain the max-
imum fuzzy number among a set of given numbers, the following
rule is employed:
max{[l1, m1, u1], [l2, m2, u2], . . .}  = [max{l1, l2, . . .},  max{m1,

× m2, . . .},  max{u1, u2, . . .}]
(10)
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Fig. 1. Flow-diagram of the proposed methodology (uppercase an

tep 4. For experimental criteria, multiply the component of
uzzy weights from the revised fuzzy AHP process (Wh

j
, for Cexp

j
)

y the corresponding percentage contributions (i.e., scalar values
p
j
) determined from ANOVA. These will be the final fuzzy weights

Wj) for the experimental criteria. For non-experimental criteria,
he final weights are equal to those obtained from the revised fuzzy
HP process.

j = nexpwp
j
Wh

j ; for all Cexp
j

(11)

j = Wh
j ; for non-experimental criteria (12)

here nexp is the number of experimental criteria (used for adjust-
ng the degrees of freedom due to applying the set of weights from
he ANOVA).

tep 5. Determine the global priorities of alternatives (Ai) using

airwise comparisons (this time with respect to each criterion) and
riteria weights obtained in the previous step. Defuzzify the final
lobal priorities and obtain a rank (rt0

i
) and a score (st0

i
) for each

lternative at the given time t0.
ercase symbols indicate fuzzy and scalar numbers, respectively).

Step 6. Repeat Steps 3–5 for times t1, t2, t3, . . .,  to obtain the
corresponding ranks (rt1

i
, rt2

i
, rt3

i
, . . .)  and scores (st1

i
, st2

i
, st3

i
, . . .) of

alternatives at future times. The choice of these future timeframes
should be done based on facts and management expertise (e.g., if
the property tax is a chosen criterion and is changed yearly, there
is no reason to consider t1 less than one year after t0). In other
words, the DM should anticipate that some changes in criteria val-
ues are expected to occur between the selected time points. It is
also important to distinguish between survey/measurement val-
ues that may  be taken at actual future times (e.g., after two years)
and projected future values that are taken now (in fact the ti values
here (i = 1, 2,. . .)  refer to the latter case). As discussed in Section 2, in
some cases if the DM waits and does the survey/measurement at an
actual future time, it may  be too late because a decision that should
be made today (e.g., selecting among a few available machines that
will be used for the next 5 years) can include some criteria whose
values are time-dependent and should be foreseen at the present

time of decision making. Finally, it should be noted that in par-
ticular problems the statistical (ANOVA) weights may  not change
over time, in which case the same weights obtained from ANOVA
in the present time can be transferred to all future timeframes. If
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he statistical weights change over time (e.g., the projected cost
f an equipment), the ANOVA weights need to be recalculated in
ach timeframe. Finally, if there are no test datasets available, the
NOVA weights can be set to one in Eq. (11).

tep 7. Plot a graph of ranks (rtk
i

) versus time (ti) and/or final scores
stk

i
) versus time (ti). The best alternative would be the one whose

anking/score is superior on average and retains its performance
ver time (i.e., shows rank consistency). The latter conditions can
e formalized using the so-called called ‘signal-to-noise’ metric for
he ‘higher-the-better’ type of responses [26] as:

/N = 1
nt

10 Log

(
nt∑

i=1

y2
ti

)
(13)

here yti
is the score of a given alternative at the timeframe ti,

nd nt is the number of timeframes studied. An alternative with a
igher S/N value indicates a better overall performance over time
in fact it can be related to the overall quality loss endured by
ach alternative; see [26] for more details and the derivation of
he metric).

. Case study: selecting a wafer fabrication process

Case studies in the literature on optimal wafer fabrication have
een reported either based on statistical analysis tools such as
NOVA or the MCDM tools. In the present case study we  attempt to
erge both tools. The experimental criteria are taken from one case

tudy [2] and the qualitative (judgmental) criteria from another [3].
ilicon wafers vary in diameter, surface features, composition, and
lectrical properties. Semiconductor manufacturers require wafers
ith stringent technical specifications to produce complex semi-

onductor devices (integrated circuits, microprocessors, etc.). The
afer fabrication can involve slicing and coating processes. Wafer

licing machines are used to cut silicon ingots into silicon wafers,
ormally using a diamond saw. Since the wafer slicing process
irectly affects the product cost, quality and yield, it is crucial for

 semiconductor manufacturer to choose optimal slicing machines
nd/or operation conditions in order to reduce the cost and make a
rofit while maintaining high production quality. There are several
actors that can relate to the quality of a wafer fabrication process,
ncluding machine-related factors, human related factors, manage-

ent, and quality measurements [3]. Wafers may  also be coated on
heir surface by a thin photo resist (PR) that is composed of a poly-

er, sensitizer, solvent, and additives. The mean thickness and the
niformity of thickness of the PR are among the most important
uality indicators in the process. The PR quality is controlled by
ppropriate process parameters such as PR temperature, PR solu-
ions, chamber humidity, spinning rate, dispensing rate, ventilation
uantity, and spinning time.

Table 2 presents the chosen criteria and sub-criteria and their
ypes in the present case study. The experimental criteria are cho-
en from the study [2] concerning the PR coating process quality,
nd the rest of the criteria (human-related and management) are
hosen from the study [3] as sample quality factors. Consequently,
ach alternative in the subsequent decision-making model refer
o a combined wafer slicing and coating manufacturing proce-
ure. The hierarchy of the studied decision problem is shown in
ig. 2. Among the six sub-criteria, the PR mean thickness (CS1) and
he thickness uniformity (CS2) on the wafer surface after coating
re considered as quantifiable criteria via experiments. For each
f these experimental criteria, there is a set of nine experiments

eported in the study [2],  representing nine different alternative
achine set-ups. An ANOVA analysis of experimental values gives

he percentage contribution of each criterion. The obtained per-
entage contributions from ANOVA are considered as the objective
puting 11 (2011) 5099–5109 5103

weights for the experimental criteria. Moreover, the decision maker
can include his/her weights (preferences) to the experimental cri-
teria based on the fuzzy linguistic scale during the revised AHP
implementation. The resultant weights for these criteria are the
multiplication of the percentage contributions from ANOVA (objec-
tive) and the AHP (subjective) weights.

Table 3 gives the normalized values [2] of the experimental
criteria CS1 and CS2 and Table 4 summarizes the resulting contri-
bution percentage calculations based on the sum-of-square values
[25] (note that both a lower thickness and a lower thickness uni-
formity on the surface of the wafer is preferred). From Table 4 it is
found that the mean thickness has a 48.36% contribution while the
thickness uniformity contributes 51.64% to the overall PR process
quality, while both quantities have an identical degree of freedom
from measurements. Thus, in this particular example, the objective
weight for CS1 can be assigned as ∼0.48 and for CS2 as ∼0.52.

5.1. Applying the revised fuzzy AHP at t0 (present time)

The pair-wise comparisons of criteria with respect to the goal
(selecting the optimum fabrication process) were made using
Table 1 and the ensuing fuzzy values and the weight vector are
presented in Table 5. Each original weight vector (calculated from
the fuzzy geometric mean) is normalized by dividing to the max-
imum fuzzy number in the vector based on Eq. (10). For example,
for C1 the normalized fuzzy weight in Table 5 is calculated as:
(2.06/2.51, 2.29/2.29, 2.51/2.06). Similarly, the priorities of C2 and
C3 are calculated at level 2.

Next, fuzzy pairwise comparisons of sub-criteria are done at
level 3 under upper-level criteria C1, C2 and C3 (Tables 6–8)  and the
normalized local priorities are obtained. Following, Table 9 shows
the global priorities of sub criterion obtained at level 3. Since, for
the sub criterion CS1 and CS2, we have a percentage contribution
available from the ANOVA analysis, the adjusted priorities for these
factors are obtained using Eq. (11).

The pairwise comparisons are next made at the alternatives’
level (level 4) with respect to each sub-criterion and each ensuing
weight vector is normalized. Sample results for the CS1 criterion are
shown in Table 10.  Note that the lower half of entries in the com-
parison matrices is the fuzzy inverse of the entries in upper half.
For example, given that ‘weak’ is represented by (0.67, 1.0, 1.5) in
Table 1, the entry A21 of the matrix in Table 10 is 1/A12 which is
equal to (1/1.5, 1/1, 1/0.67). Table 11 shows the ensuing global pri-
orities of alternatives at level 4. The global priorities determine the
final fuzzy score of alternatives. After defuzzification based on the
centroid and the area methods, Table 12 provides the final rank and
crisp score of each alternative at t0. Recall that the center point of a
fuzzy number (l, m,  u) is obtained by taking the average of l, m,  and
u.

5.2. Applying the revised fuzzy AHP at t1 (e.g., year 2)

Similar to the procedure for t0, the pairwise comparisons are
done and alternatives are ranked at time t1 (i.e., considering the
performance of alternatives after one year). Table 13 shows the
obtained global priorities and the ranking of alternatives. In doing
the pairwise comparisons at this future timeframe, the decision
maker needed to define the relative importance of alternatives
and/or criteria based on the priorities that deemed to be impor-
tant at t1. For example, at t0 the training requirement for a newly
chosen machine may  have some high importance while the same
requirement (criterion) would not have that much weight at the

future time t1, because the potential users would have already been
trained. Hence it is possible that machine A1 needs high training
requirement over machine A2 in the present time, but not in a
future time.
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Table 2
Criteria and sub-criteria factors used in the case study.

Criteria Code Description (taken from [2,3])

Experimental (PR-related) C1 Experimental criteria, which can be measured and statistically analyzed for each alternative/project
Human-related C2 Human factors (e.g., training required, reason of defect, expertise, etc.)
Management C3 Implement the goal to ensure the process yield of wafer slice
Sub-criteria
PR  Thickness mean CS1 Thickness mean on wafer surface after coating
PR  Thickness uniformity CS2 Thickness uniformity on wafer surface after coating
Engineer’s experience CS3 An engineer has to accept whole in-service training before working and has to possess the related technique

knowledge so that operating the machine practically and raising the product yield
Establish adjusting standard procedures CS4 Establishing a suit of managements of the standard process would make the staff deal with the problems of

the process in order.
Multi-response CS5 Adequate control is available for multiple quality characteristics, which would effectively determine the

optimum factor level combinations and raise the proficiency of the process
On-line education CS6 On-line training could enhance professional knowledge and engineering expertise, as well as reduce the

errors of artificial importation and increase productivity

Fig. 2. AHP structure to select wafer fabrication process.

Table 3
Experimental data used for the statistical analysis [2].

Criterion Alternatives

A1 A2 A3 A4 A5 A6 A7 A8 A9

Normalized thickness mean (CS1) 0.048 0.000 1.000 0.159 0.082 0.375 0.141 0.617 0.362
Normalized thickness uniformity (CS2) 0.5947 0.5935 0.0000 0.3448 1.0000 0.4274 0.9583 0.3656 0.6786

Table 4
Statistical analysis on CS1 and CS2 sub-criteria.

Source Sum of squares Degree of freedom Percentage contribution

Normalized thickness mean (CS1) 0.9151 8 48.36%
Normalized thickness uniformity (CS2) 0.9772 8 51.64%
Total 1.8924 17 100%

Table 5
Fuzzy pairwise comparison matrix of main criteria at level 2 under goal.

C1 C2 C3 Priority vector Normalized priority vector

C1 (1, 1, 1) (3.5, 4, 4.5) (2.5, 3, 3.5) (2.06, 2.29, 2.51) (0.82, 1.00, 1.22)
C2 (1/4.5,  1/4, 1/3.5) (1, 1, 1) (1.5, 2, 2.5) (0.69, 0.79, 0.89) (0.28, 0.35, 0.43)
C3  (1/3.5, 1/3, 1/2.5) (1/2.5, 1/2, 1/1.5) (1, 1, 1) (0.49, 0.55, 0.64) (0.19, 0.24, 0.31)
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Table  6
Fuzzy pairwise comparison matrix of sub-criteria at level 3 under criteria C1.

CS1 CS2 CS3 CS4 CS5 CS6 Normalized priority vector

CS1 (1, 1, 1) (1.5, 2, 2.5) (2.5, 3.3.5) (2.5, 3, 3.5) (3.5, 4, 4.5) (2.5, 3, 3.5) (0.74, 1, 1.35)
CS2 (1/2.5, 1/2, 1/1.5) (1, 1, 1) (2.5, 3, 3.5) (1.5, 2, 2.5) (0.67, 1, 1.5) (1.5, 2, 2.5) (0.38, 0.55, 0.8)
CS3 (1/3.5, 1/3, 1/2.5) (1/3.5, 1/3, 1/2.5) (1, 1, 1) (0.67, 1, 1.5) (0.67, 1, 1.5) (0.67, 1, 1.5) (0.19, 0.28, 0.43)
CS4  (1/3.5, 1/3, 1/2.5) (1/2.5, 1/2, 1/1.5) (1/1.5, 1/1, 1/0.67) (1, 1, 1) (0.67, 1, 1.5) (0.67, 1, 1.5) (0.2, 0.3, 0.47)
CS5 (1/4.5, 1/4, 1/3.5) (1/1.5, 1/1, 1/0.67) (1/1.5, 1/1, 1/0.67) (1/1.5, 1/1, 1/0.67) (1, 1, 1) (0.67, 1, 1.5) (0.21, 0.32, 0.51)
CS6  (1/3.5, 1/3, 1/2.5) (1/2.5, 1/2, 1/1.5) (1/1.5, 1/1, 1/0.67) (1/1.5, 1/1, 1/0.67) (1/1.5, 1/1, 1/0.67) (1, 1, 1) (0.2, 0.3, 0.47)

Table 7
Fuzzy pairwise comparison matrix of sub-criteria at level 3 under criteria C2.

CS1 CS2 CS3 CS4 CS5 CS6 Normalized priority vector

CS1 (1, 1, 1) (1.5, 2, 2.5) (0.67, 1, 1.5) (0.67, 1, 1.5) (1.5, 2, 2.5) (0.67, 1, 1.5) (0.38, 0.66, 1.01)
CS2 (1/2.5, 1/2, 1/1.5) (1, 1, 1) (0.67, 1, 1.5) (0.67, 1, 1.5) (1.5, 2, 2.5) (0.67, 1, 1.5) (0.31, 0.52, 0.81)
CS3 (1/1.5, 1/1, 1/0.67) (1/1.5, 1/1, 1/0.67) (1, 1, 1) (3.5, 4, 4.5) (1.5, 2, 2.5) (2.5, 3, 3.5) (0.55, 0.89, 1.28)
CS4  (1/1.5, 1/1, 1/0.67) (1/1.5, 1/1, 1/0.67) (1/4.5, 1/4, 1/3.5) (1, 1, 1) (1.5, 2, 2.5) (1.5, 2, 2.5) (0.32, 0.52, 0.77)
CS5 (1/2.5, 1/2, 1/1.5) (1/2.5, 1/2, 1/1.5) (1/2.5, 1/2, 1/1.5) (1/2.5, 1/2, 1/1.5) (1, 1, 1) (1.5, 2, 2.5) (0.24, 0.37, 0.54)
CS6  (1/1.5, 1/1, 1/1.6) (1/1.5, 1/1, 1/0.67) (1/3.5, 1/3, 1/2.5) (1/2.5, 1/2, 1/1.5) (1/2.5, 1/2, 1/1.5) (1, 1, 1) (0.21, 0.35, 0.52)

Table 8
Fuzzy pairwise comparison matrix of sub-criteria at level 3 under criteria C3.

CS1 CS2 CS3 CS4 CS5 CS6 Normalized priority vector

CS1 (1, 1, 1) (0.67, 1, 1.5) (3.5, 4, 4.5) (2.5, 3, 3.5) (0.67, 1, 1.5) (1.5, 2, 2.5) (0.45, 0.71, 0.97)
CS2  (1/1.5, 1/1, 1/0.67) (1, 1, 1) (3.5, 4, 4.5) (2.5, 3, 3.5) (0.67, 1, 1.5) (0.67, 1, 1.5) (0.39, 0.63, 0.89)
CS3  (1/4.5, 1/4, 1/3.5) (1/4.5, 1/4, 1/3.5) (1, 1, 1) (2.5, 3, 3.5) (3.5, 4, 4.5) (3.5, 4, 4.5) (0.36, 0.5, 0.61)
CS4 (1/3.5, 1/3, 1/2.5) (1/3.5, 1/3, 1/2.5) (1/3.5, 1/3, 1/2.5) (1, 1, 1) (2.5, 3, 3.5) (1.5, 2, 2.5) (0.22, 0.32, 0.42)
CS5  (1/1.5, 1/1, 1/0.67) (1/1.5, 1/1, 1/0.67) (1/4.5, 1/3, 1/3.5) (1/3.5, 1/3, 1/2.5) (1, 1, 1) (0.67, 1, 1.5) (0.17, 0.28, 0.39)
CS6  (1/2.5, 1/2, 1/1.5) (1/1.5, 1/1, 1/0.67) (1/4.5, 1/4, 1/3.5) (1/2.5, 1/2, 1/1.5) (1/1.5, 1/1, 1/0.67) (1, 1, 1) (0.17, 0.26, 0.37)

Table 9
Global priorities of sub-criteria and adjusted vectors by ANOVA weights (for CS1 and CS2 the values from Table 4 are used and multiplied by the number of experimental
sub-criteria to account for their degree of freedom).

C1 C2 C3 Global priority vectors Adjustment/ANOVA weights Adjusted priority vectors
(0.82, 1, 1.22) (0.28, 0.35, 0.43) (0.19, 0.24, 0.31)

CS1 (0.74, 1, 1.34) (0.38, 0.66, 1.01) (0.45, 0.71, 0.97) (0.8, 1.4, 2.38) 0.48 × (2) (0.77, 1.34, 2.28)
CS2  (0.38, 0.55, 0.8) (0.31, 0.52, 0.81) (0.39, 0.63, 0.89) (0.47, 0.88, 1.61) 0.52 × (2) (0.49, 0.92, 1.67)
CS3 (0.19,  0.28, 0.43) (0.55, 0.89, 1.28) (0.36, 0.5, 0.61) (0.38, 0.71, 1.28) 1 (0.38, 0.71, 1.28)
CS4  (0.2, 0.3, 0.47) (0.32, 0.52, 0.77) (0.22, 0.32, 0.42) (0.3, 0.56, 1.04) 1 (0.3, 0.56, 1.04)
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.26, 0.

5
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CS5 (0.21, 0.32, 0.51) (0.24, 0.37, 0.54) (0.17, 0.28, 0.39) (0
CS6  (0.2, 0.3, 0.47) (0.21, 0.35, 0.52) (0.17, 0.26, 0.37) (0

.3. Applying revised fuzzy AHP at time t2 (e.g., year 3)
In a similar manner, the pairwise comparisons are done and
lternatives were ranked at time t2 (after two  years). Table 14
ummarizes the obtained global priorities and the ranking of alter-
atives.

Table 10
Fuzzy pairwise comparison matrix of alternatives at level 4 under sub-criterion C

A1 A2 A3 A4 A5 A6

A1 (1,1,1) Weak Weak Fairly 
Strong Fairly Strong Fairly

A2 (1,1,1) Fairly 
Strong Weak Very Strong Fairly

A3 (1,1,1) Weak Weak Weak

A4 (1,1,1) Weak Fairly

A5 (1,1,1) Weak

A6 (1,1,1

A7

A8

A9

Recip rocal  of th e upper  part of 
the matrix
52, 1.56) 1 (0.27, 0.52, 1.56)
49, 0.91) 1 (0.26, 0.49, 0.91)

Total DOF = 6

5.4. Ranks versus time: making a final decision
Fig. 3 shows the ranking of alternatives versus time obtained
by the centroid method. It can be seen that some alternatives per-
form consistently over time, while the ranks of some others vary as
time progresses. Between two alternatives, it would be preferred

S1.

A7 A8 A9 Normalized loca l 
priority vec tor

 Strong Fairly 
Strong Weak Equal (0.38,0.62,0.93)

 Strong Equal Weak Fairly Strong (0.4,0.65,0.96 )
Weak Weak Fairly Strong (0.3,0.49,0.76 )

 Strong Very 
Strong

Very 
Strong Fairly Strong (0.35,0.58,0.9)

Fairly 
Strong

Absol utely 
Strong Very Strong (0.32,0.49,0.73)

) Weak Fairly 
Strong Very Strong (0.3,0.48,0.72 )

(1,1,1) Weak Fairly Strong (0.24,0.36,0.55)
(1,1,1) Absol utely 

Strong (0.23,0.37,0.57)
(1,1,1) (0.16,0.23,0.32)
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Table 11
Global priorities of alternatives at time t0.

CS1 CS2 CS3 CS4 CS5 CS6 Global priority vector
(0.77, 1.34, 2.28) (0.49, 0.92, 1.67) (0.38, 0.71, 1.28) (0.3, 0.56, 1.04) (0.27, 0.52, 1.56) (0.26, 0.49, 0.91)

A1 (0.38, 0.62, 0.93) (0.45, 0.7, 1.05) (0.43, 0.67, 0.99) (0.43, 0.67, 0.99) (0.47, 0.76, 1.1) (0.38, 0.62, 0.94) (1.0, 3.0, 8.7)
A2 (0.4, 0.65, 0.96) (0.43, 0.65, 0.96) (0.3, 0.46, 0.68) (0.3, 0.46, 0.68) (0.39, 0.63, 0.93) (0.38, 0.6, 0.88) (0.9, 2.7, 7.6)
A3  (0.3, 0.49, 0.76) (0.27, 0.42, 0.66) (0.25, 0.4, 0.65) (0.26, 0.4, 0.62) (0.28, 0.48, 0.76) (0.31, 0.49, 0.74) (0.7, 2.1, 6.2)
A4  (0.35, 0.58, 0.9) (0.32, 0.49, 0.72) (0.32, 0.49, 0.75) (0.35, 0.53, 0.79) (0.32, 0.52, 0.79) (0.32, 0.52, 0.77) (0.8, 2.4, 7.0)
A5  (0.32, 0.49, 0.73) (0.23, 0.35, 0.53) (0.31, 0.46, 0.66) (0.28, 0.42, 0.63) (0.29, 0.44, 0.64) (0.3, 0.46, 0.67) (0.7, 2.0, 5.7)
A6  (0.3, 0.48, 0.72) (0.25, 0.38, 0.57) (0.21, 0.32, 0.48) (0.2, 0.3, 0.45) (0.27, 0.44, 0.68) (0.29, 0.46, 0.67) (0.6, 1.8, 5.3)
A7 (0.24, 0.36, 0.57) (0.18, 0.28, 0.4) (0.18, 0.27, 0.38) (0.19, 0.29, 0.41) (0.24, 0.39, 0.56) (0.21, 0.32, 0.44) (0.5, 1.5, 4.1)
A8 (0.23, 0.37, 0.57) (0.22, 0.35, 0.55) (0.2, 0.31, 0.47) (0.2, 0.31, 0.47) (0.21, 0.34, 0.5) (0.21, 0.34, 0.5) (0.5, 1.6, 4.5)
A9  (0.16, 0.23, 0.32) (0.13, 0.18, 0.27) (0.14, 0.19, 0.29) (0.14, 0.19, 0.29) (0.15, 0.21, 0.31) (0.14, 0.2, 0.29) (0.4, 0.9, 2.6)

Table 12
Ranks and final scores of alternatives at time t0.

Alternatives Global priority vector Rank by area method Rank by centroid method Final score (area method) Final score (centroid method)

A1 (1.0, 3.0, 8.7) 1 1 3.84 4.27
A2 (0.9,  2.7, 7.6) 2 2 3.35 3.74
A3  (0.7, 2.1, 6.2) 4 4 2.73 2.97
A4  (0.8, 2.4, 7.0) 3 3 3.07 3.40
A5  (0.7, 2.0, 5.7) 5 5 2.47 2.79
A6  (0.6, 1.8, 5.3) 6 6 2.34 2.61
A7 (0.5,  1.5, 4.1) 8 8 1.80 2.03
A8  (0.5, 1.6, 4.5) 7 7 2.00 2.21
A9 (0.4,  0.9, 2.6) 9 9 1.12 1.30

Table 13
Ranks and final scores of alternatives of alternatives at time t1.

Alternatives Global priority vector Rank by area method Rank by centroid method Final score (area method) Final score (centroid method)

A1 (1.0, 3.2, 9.3) 2 2 4.16 4.53
A2  (1.2, 3.6, 9.7) 1 1 4.25 4.87
A3  (0.8, 2.5, 7.2) 4 4 3.18 3.49
A4 (1.0,  3.0, 8.3) 3 3 3.67 4.11
A5  (0.8, 2.5, 6.8) 5 5 2.98 3.39
A6 (0.8,  2.3, 6.3) 6 6 2.75 3.09
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A7  (0.6, 1.8, 4.8) 8 8 

A8  (0.6, 1.9, 5.3) 7 7 

A9  (0.4, 1.1, 3.0) 9 9 

o choose an alternative whose rank is consistently higher. As per
ig. 3, the alternative A1 has rank 1 (highest rank) at the present
ime t0, but its rank goes down compared to A2 in future times,
hile alternative A2 has lower rank at the present time and it

mproves in future times. To make a final decision in such cases
here two or more alternatives swap place in ranking over time,

he S/N metric defied in Eq. (13) can be used. The ensuing metrics
dB) for the nine alternatives were found to be:
S/N1 = 5.87,
S/N2 = 6.04,
S/N3 = 5.10,
S/N4 = 5.58,

able 14
anks and final scores of alternatives of alternatives at time t2.

Alternatives Global priority vector Rank by area method Rank by cent

A1 (1.0, 3.1, 9.0) 2 2 

A2  (1.3, 3.9, 10.5) 1 1 

A3  (0.8, 2.6, 7.4) 4 4 

A4  (1.1, 3.2, 8.7) 3 3 

A5  (0.8, 2.5, 6.8) 5 5 

A6  (0.8, 2.3, 6.3) 6 6 

A7 (0.6,  1.8, 4.8) 8 8 

A8  (0.6, 1.9, 5.2) 7 7 

A9 (0.4,  1.1, 3.1) 9 9 
2.11 2.42
2.32 2.59
1.28 1.49

S/N5 = 4.96,
S/N6 = 4.73,
S/N7 = 3.99,
S/N8 = 4.20,
S/N9 = 2.65

As a result, it can be said that the alternative A2 demonstrates
the highest average score (signal) relative to its variation over time
(noise) and can be selected as the top alternative. In fact, its per-

formance favorably grows over time as seen in Fig. 4. Finally, we
repeated the aforementioned solution using the area method and
the same result was obtained in this particular case study: A2 is
preferred over A1.

roid method Final score (area method) Final score (centroid method)

4.00 4.35
4.58 5.21
3.28 3.59
3.82 4.32
2.98 3.38
2.78 3.13
2.07 2.39
2.29 2.58
1.32 1.53
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Fig. 3. Rank versus time graph of alternatives using the centroid method.
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reported test data and the DM preference information were found
to have a negligible effect on the final ranking results. Neverthe-
less, the inclusion of experimental data, if available, in any decision
analysis through ANOVA weights would be recommended. Let us
ig. 4. Final score versus time graph of alternatives using the centroid method.

.5. A comparison with the conventional (non-fuzzy) AHP

The revised fuzzy methodology in Section 4 was  compared to the
onventional (non-fuzzy) revised AHP where crisp numbers were
ssigned by taking the centroid of the previous fuzzy pairwise com-
arisons by the DM.  While the final selection was not changed, it
as found that using crisp numbers reduced the total computa-

ional time by about two-third (the ANOVA part of the analysis in
oth approaches remains unchanged). However, the conventional
ethod would not represent a realistic human decision-making

rocess, which is often based on qualitative comparisons (linguis-
ic judgments) under uncertainty. This would be especially the case
hen in the conventional method an exact value is required from

he DM to evaluate the value of qualitative sub-criteria such as CS3
n Table 2 (‘Engineer’s Experience’). With today’s advanced soft-

are tools, fuzzy calculations are made rapidly while using fuzzy
umbers enables one to accommodate human decision-making
spects more realistically. Furthermore, there may  be no precise
hreshold between a ‘Good’ and a ‘Very Good’ alternative with
espect to a qualitative criterion – it is rather a fuzzy judgment.
. Conclusions

In the semiconductor industry, decision makers often have
o decide on IC manufacturing projects based on different
puting 11 (2011) 5099–5109 5107

requirements of key products such as integrated circuits and micro-
processors. The successful design and manufacturing of a new IC
can take time. If the selection of the project is done without con-
sidering the performance and competitiveness of the product at
the time of actual launch to market, it may  cause a loss to the com-
pany. Using a case study on wafer fabrication process selection,
it was  shown how the time dependency and statistical analysis
(here ANOVA) in the decision-making process can be integrated
into the revised fuzzy AHP technique. The fuzzy method simplifies
the human decision making process by allowing linguistic pair-
wise comparisons, while the ANOVA analysis calculates additional
(objective) weights for experimental criteria. The main motivation
in adapting a fuzzy method would be the presence of qualitative
criteria such as ‘Engineering Experience’ in the decision process.
The results of the case study indicated that the inclusion of time
notion can alter the final decision upon revealing alternatives’ per-
formance over time. If two  or more alternatives swap ranks over
time, it is wise to take into account both the rank/score of each
alternative and its consistency. For instance, next to looking at
the overall score of each alternative, defined by the centroid/area
defuzzification method in the current study, the standard deviation
of scores over time can be evaluated. Then, the final decision can
be made based on the overall (average) scores and the standard
deviation values using the ‘signal-to-noise’ metric. In this case, the
‘higher-the-better’ type of S/N is used as a higher score is always
desired overt time.

The proposed methodology is applicable to other MCDM models
including the original AHP method. Further research may be worth-
while to extent the method by exploiting the future behavior of
alternatives using prediction techniques such as neural networks.

Acknowledgements

Financial support from the Natural Sciences and Engineering
Research Council (NSERC) of Canada as well as the Mathematics of
Information Technology and Complex Systems (MITACS) Research
Network is acknowledged. The authors are also grateful to the
anonymous referees for their constructive comments and sugges-
tions.

Appendix A. On the effect of ANOVA weights in the
proposed methodology

In the wafer machine selection case study presented in Section 5
the ANOVA weights for the two experimental criteria based on the
Fig. A1. Rank versus time graph of the two alternative car models with the ANOVA
weights; the ranks swap over time; to make a final decision, S/N measure was  used.
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Table A1
Fuel consumption experimental data in the car model selection example along with the resulting contribution percentages from ANOVA.

Alternatives Criterion C2: fuel efficiency (km/liter) – sampled randomly over nine cars in each company Contribution %

Car model A1 12.1 12.9 12.4 12.3 12.7 12.7 12.9 12.8 11.9 56%
Car  model A2 6.1 5.9 5.8 6.8 6.3 8.1 8.2 8.6 8.8 44%

Table A2
Fuzzy pairwise comparison matrix at level 2 under goal and the resulting local priority vector (at time t0).

C1 C2 Local priority vector (normalized)

C1 (1, 1, 1) C1/C2 very strong: (2.5, 3, 3.5) (0.85, 1, 1.18)
C2  (1/3.5, 1/1, 1/2.5) (1, 1, 1) (0.29, 0.33, 0.4)

Table A3
Fuzzy pairwise comparison matrix at level 3 under criterion C1 and the resulting local priority vector (at time t0).

A1 A2 Local priority vector (normalized)

A1 (1, 1, 1) A/A2 fairly strong: (1, 1.5, 2) (0.87, 1, 1.15)
A2  (1/2, 1/1.5, 2/1) (1, 1, 1) (0.5, 0.67, 1)

Table A4
Global priorities at level 3 (at time t0).

C1 (0.85, 1, 1.18) C2 (0.29, 0.33, 0.4) Global priority vector without ANOVA weights Adjusted global priority vector with ANOVA (Eq. (11))

A1 (0.87, 1, 1.15) (0.85, 1, 1.18) (0.84, 1.33, 2.15) (0.74, 1.17, 1.89)
A2  (0.5, 0.67, 1) (0.29, 0.33, 0.4) (0.5, 0.78, 1.34) (0.65, 0.87, 1.50)

Table A5
Final results with and without ANOVA (for the final scores the centroid defuzzification method was used).

With ANOVA Without ANOVA

Time t0 Time t1 Time t1 Time t0

Final Score Rank Final Score Rank Final Score Rank Final Score Rank
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A1 1.26 1 1.24 2
A2  0.98 2 1.26 1

onsider a second illustrative example in this appendix where the
oal is to show the effect of ANOVA weights more explicitly.

A decision-maker (DM) has to select one of the two  given luxury
ar models A1 and A2, manufactured by two different companies.
he selection criteria are the car model prestige to the DM (C1) and
he car fuel efficiency (C2). The cost of the two models are assumed
o be comparable. For the C2 criterion, datasets are available from

he companies’ publications as shown in Table A1.  Accordingly,
he corresponding percentage contribution from each alternative
nder C2 can be calculated via ANOVA. The time-dependent MADM
ethodology in Fig. 1 was  applied by establishing levels 2 and 3

Fig. A2. Rank versus time graph of the two  alternative car models withou
1.44 1 1.40 1
0.88 2 1.12 2

comparison matrices (similar to those presented in Section 5) at
two time points t0 and t1. For brevity, sample comparison matri-
ces of the criteria (level 2) and the alternatives with respect to C1
(level 3) at time t0 are shown in Tables A2 and A3.  Following, the
global priority weights at t0 were found (Table A4). After applying
similar comparisons but at t1, and the defuzzification of global pri-
ority weights, the final scores and ranking results are summarized

in Table A5.  This was done once with and once without consid-
ering the ANOVA weights. From the results in Table A5 it can be
seen that including or not including the ANOVA weights can make
a significant difference in this case (see also Figs. A1 and A2). A1

t the ANOVA weights; alternative A1 is clearly prefered over time.
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ould be preferred when ANOVA is not considered, however with
he ANOVA weights, the ranking of the two care models swap
ver time and no clear decision may  be made. Nevertheless, the
se of available experimental data (i.e., the ANOVA weights) next
o the decision-maker’s pairwise comparisons (subjective prefer-
nces) would be a logical/more reliable choice. Accordingly, the S/N
easure defined in Eq. (13) was applied to the score values of A1

nd A2 in the presence of ANOVA. It was found that (S/N)A1 = 2.47 dB
nd (S/N)A2 = 2.03 dB, indicating that A1 should be chosen since it
rovides both a high score and low inconsistency over time (see
lso Table A5). Finally, it is worth noting that in more practical
ases, the experimental data can change over time (e.g., a car com-
any may  change its engine technology from t0 to t1). In such cases,
he ANOVA weights in the proposed methodology should also be
pplied as time-dependent variables.
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