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Abstract: Multi-Attribute Decision Making (MADM) models are applied to solve decision making
problems with multiple mutually exclusive attributes. The involved uncertainties on models are usually
derived from incompleteness and inconsistencies. The traditional MADM models so far have tried to
compensate uncertainties by focusing on the occurrence of final decision maker judgments. The center
of new attention is on fuzzy MADM, which zooms on ambiguities in describing events rather the
uncertainty about the occurrence of those events. The proposed approach applies another factor which
is well known in the expert systems as Certainty Factor (CF). Applying this factor to fuzzy MADM
problems, the reliability or assurance of judgments by using the degree of belief and disbelief on
decision maker judgments will be improved. The experiments conducted have shown that using this
approach could increase the precision of decisions. 
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INTRODUCTION

The world, as it exists, is an uncertain place. Any decision making seeking to conform to good reasoning
will have to deal with the problem of "uncertainty". Particularly, it should be able to deal with incompleteness,
i.e. compensate for lack of knowledge, inconsistencies, and in other words resolve ambiguities and
contradictions. Clearly in order to deal with this some made decisions are more likely to be true (or false) than
others and therefore, however methods that cope with this uncertainty should be introduced. 

Multi-Attribute Decision Making (MADM) is one of the main frequently used approaches in the
decision-making domain to choose the most appropriate alternative among some existing ones based on
compensation of several attributes. Due to the uncertainty involved in real problems, different long-term
established MADM models have been developed to deal with. Exceptionally Fuzzy Theory that is presently
applied to express this uncertainty is in DM's judgment on scoring alternatives, weighting, or pair comparison.
Fuzzy logic focuses on uncertainties in describing events rather than the vagueness on happening of individual
events. It changes the definitions of set theory and logic to let this happen. Traditional set theory defines set
memberships as a Boolean predicate but Fuzzy set theory defines set membership as a possibility distribution.

There are many choices of rules which decision makers usually use. Decision makers could use a variety
of rules, including the averaging rule (e.g. Anderson), the weighted adding rule, the conjunctive and the
disjunctive rule (e.g., Coombs), the lexicographic rule (e.g. Fishburn), the lexicographic semi-order rule
(Tversky, 1969), the elimination by aspect rule (Tversky, 1972) and the maximum attractiveness difference rule
(e.g. Svenson; Wright). Among these rules, the lexicographic, the lexicographic semi-order, and the elimination
by aspect rules are mainly applied to situations where attributes differ in importance. Many MADM problems
are dealt with using Analytical Hierarchy Process (AHP) as a structured approach while the decision process
is defined hierarchically (Saaty, 1980).

The first attempt at applying Fuzzy set theory to MADM models was done by Bellman and Zadeh , who
outlined one possible route toward fuzzy decision-making. Following their investigations; the intensive research
activities were carried out. Bass and Yager , Kichert, Dubois and Prade, Zimmermann  and Cattermole  and
Chen and Hwang  are among pioneers in Fuzzy MADM methods as the works have been mentioned in their
publications. Fuzzy MADM models differ by their assumptions concerning the input data and by the measures
used for aggregation and ranking. They concentrate either on the first step called aggregation of ratings, or the
second step named ranking or both (Zimmermann, 1996). Uncertainty of DM could be categorized in two
distinct groups which hold both the amount of uncertainty on the expressed judgments and on the accuracy
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of judgments as well. 
The traditional MADM models consider all uncertainties involved in DM's judgments as one parameter.

Habitually DM tries to aggregate these two groups of uncertainty in judgments to construct conclusions on
fuzzy models. When DM uses a linguistic term for alternatives rating, the pre-assumption in this case is that
DM has the same level of knowledge for her/his judgments in all relevant areas. Since this pre-assumption is
not valid on every circumstance, there is a chance of getting confusing results. To solve the problem in such
cases, it is better to ask two different questions; firstly what DM judgment or belief is and secondly how
confident DM is about her/his opinion. 

Inspired by the application of Certainty Factor (CF) index in the expert systems, Ghazanfari and Nojavan
proposed a preliminary MADM model using a CF index as indices for expressing the accuracy of DM's
judgments. They called it as a two dimensional MADM model and they proposed two approaches to solve such
models. 

Taking into account the CF in expert systems is very common and they are pioneers to use it in
decision-making such as, the model has been used in their well-known medical diagnosis expert system named
"MYCIN". The uncertainties involved in this; rules and facts of expert systems are stated using crisp and fuzzy
numbers or fuzzy linguistic terms as the CF (Schneider et. al, 1996; He Rongyu et.al., 2008). If CF is a crisp
number it can be fixed in any interval, although it is better to set in [0-1]. For example: If DM judgment is
expressed by the term: "Car A is comfortable, CF=0.9", it means the assurance degree of DM to the comfort
ability of the car is equal 0.9 in [0-1] scale. Also "Car A is comfortable" CF= very certain in judgment (DM's
judgment is expressed in a linguistic term which could be converted by a fuzzy set).

The said two-dimensional MADM model has the following main deficiencies:
a. In their approaches CF applied as a positive indicator (such as benefits attribute). It is suitable only for

conservative (risk averse) decision makers and could not cover other viewpoints. It means, it is not
appropriate for risk takers DM, who use any degree of risk factor.

b. Their model was constructed based on crisp CF in [0-1] interval.  It could not cover all applied cases.
The present article compensates the mentioned deficits by paying attention to general DM viewpoints and

is extended to fuzzy CF. Differences in formulating such decision-making problem is expressed in section 2
and their solving methods with respect to DM viewpoints are presented in section 3. Finally, three-numerical
examples were examined in section 4 to illustrate the conformity of the proposed MADM model in different
cases.

2. Problem Definition:
The MADM models are applied to rank the alternatives based on multiple, usually conflicting criteria.

Table 1 presents the decision matrix of such commonplace problem:

Table 1: The decision matrix of general MADM models.
Attributes Alternatives C1 .... Cn

A1 r11 … r1n

  
Am rm1 … rmn

where Ai is ith alternative, Cj indicates jth attribute and rij shows the rating (or performance) of alternative Ai
with respect to attribute Cj. Most of all MADM problems require information regarding the relative importance
of each attribute. They are usually given by a set of weights (i.e. W = (w1,…,wn)), which are normalized, to
sum to one, as follows:
                                                                                                                   

(1)
1

1
n

j
j

w




where wj is the weight of attribute j. 
There are different approaches to rank alternatives in MADM models. However, in these approaches human

judgment is involved in the process of decision making in the form of either scoring or comparison. The
uncertainty may stem from qualitative information, incomplete or non-obtainable information and partial
ignorance (Chen and Hwang ). 
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The sources of uncertainty can be broadly classified into two groups: uncertainty within the judgments and
uncertainty about the judgments. The literature of MADM models addresses a number of papers considering
uncertainty by applying Fuzzy set theory. Fuzzy model is a perfect means for modeling uncertainty arising
from mental phenomena, which are neither random nor stochastic. The fuzzy MADM models developed under
fuzzy set theory, consider both groups of uncertainties together, and use a fuzzy number or/and linguistic term
to show them.

The pre-assumption in these models is based on this statement: (1) DM has the same level of knowledge
for all her/his judgments and is able to mention opinions with complete certainty. (2) If the level of DM
knowledge is different in her/his judgments, s/he can include this difference on judgments. 

Based on this pre-assumption, researchers have formed a questionnaire and asked the DM about the score
of alternatives with respect to attributes. Usually DM indicates the rating of qualitative attributes using a
linguistic terms such as shown in figure 1. In such questionnaire, there is no any question to ask about the
certainty that DM has about their opinions. To open up the problem, consider the following example:

Assume we are asking a DM to express her/his opinion about the "conformability" of three types of cars:
A, B and C using the linguistic term shown in figure 1. 

 
Fig. 1: The linguistic terms related to the comforting of a car.

The abbreviations in figure 1 means as: VNC = Very Non-Comfortable, NC= Non- Comfortable, MC=
Medium Comfortable, C = Comfortable and VC = Very Comfortable.

DM has different level of knowledge about the cars. For example, DM may argue that car A is
comfortable based on his personal experiences. S/he may infer that car B is comfortable based on their study
from a technical magazine. Finally, DM may refer to car C as comfortable based on their hearings. The
question is: "Is here the knowledge of DM (the cars are comfortable) equal for all cars?" The answer is
certainly no! While the level of their knowledge about car A (and therefore the certainty of their judgment)
is high, this level for car C is low (and DM is not so sure about her/his judgment). 

If DM wants to apply the linguistic term of figure 1 in all cars then DM must have the same level of
knowledge for their judgments in all cars, then in this example DM should change the term of "Comfortable"
for each car respect to her/his certainty amount. Otherwise, the wrong rating may occur.

Alternative assume we ask now about degree of certainty for DM judgments and use they for rating. For
example DM may answer the above question as very certain, certain, uncertain about certainty of their
judgments for car A, B and C respectively. Our conclusion is that the degree of certainty to judgment, and
the judgment itself should be considered separately. 

We recommend that DM use standard linguistic terms for expressing degree of judgment certainties e.g.
on ratings (rij) or the weight of attributes (wj). Figure 2 shows a typical appropriate linguistic term for such
cases. 

Fig. 2: A typical linguistic term related to the CF of judgments.
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The abbreviations in the previous figure means as: VU = Very Uncertain, U = Uncertain, M = Medium
in certainty, C = Certain and VC = Very Certain.

Inspired by the application of CF in expert systems, Ghazanfari and Nojavan have developed a new
MADM model, in which there is a CF besides every DM's judgment. This model called as two dimensional
MADM model and its decision matrix is shown in table 2.

Table 2: The Decision Matrix of the two dimensional MADM Model.
Attributes Alternatives C1 … Cn

A1 (r11 , CFr11) … (r1n, CFr1n)

… … 
Am (rm1, CFrm1) … (rmn, Cfrmn)

where rij indicates the rating of alternative i in attribute j and CFrij shows the certainty factor on the rating
rij. In addition the weight set of attributes are shown in two dimensional form as follows: 

W = {(w1, CFw1), … , (wn , Cfwn)} (2)

where wj indicates the weight of jth attribute and CFwj is the certainty factor for the weight of jth attribute

and the summation of weights of attributes is as    .
1

1
n

j
j

w



Traditional MADM models are the special case of the two dimensional MADM models in which the CFs

of judgments are similar both in rating and weights.
Ghazanfari and Nojavan proposed two approaches to solve two dimensional MADM model. The CF

applied in two dimensional MADM model is as a crisp number in [0-1] interval and considered as positive
attribute that it only suits for risk averse DM. In section 3 we develop a approach for solving two dimensional
MADM models respect to other DM viewpoints. Also we consider CF of judgments as a fuzzy number or
linguistic term. 

3. Developing a Solution Approach:
The proposed approach for solving Two Dimensional MADM model respect to DM viewpoints consists

of the following steps:

Step 1:  Calculate the Alternatives Rankings Disregarding CF:
Ranking of each alternative could be calculated using a conventional method such as Simple Additive

Weighting (SAW) method (e.g. Huang et.al, 2008) disregarding certainty factors. The rank of alternatives in
the SAW method is calculated as follows:

(3)
1

.   1,....,
n

i ij j
j

R r w i m


 

where      is the normalized score of the ith alternative on jth attribute and Ri is the ranking of ith alternative.
ij

r

Step 2: Aggregate Certainty Factors to Reach a CF Value for Each Alternative Ranking.:
DM should aggregate different CFs to reach a unique CF for each alternative ranking. Aggregating

methods may depend on DM behaviors on challenging with the risks. DM can use t-norm or average operators
such as applied in the aggregation of fuzzy sets.

A. DM Expressed the Crisp CF on Each Judgment:
In this case there are different operators to come together CFs judgments (i.e. CFrij and CFwj) to achieve

unique CF for alternative ranking. For example DM can use the min operator as follows: 

(4) min   min  ( , ) 1,..., 1,....,i ij jCF CFr CFw j n i m  

where CFi is certainty factor for the ranking of ith alternative.
Also DM can use min and product operators together as follows:
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(5) min   ( . ) 1,..., 1i ij jCF CFr CFw j n i ,....,m  

B. DM Expressed the Cf on Each Judgment Using Linguistic Terms:
If DM use standard linguistic terms (i.e. refer to Chen and Hwang) for expressing degree of judgment

certainties, firstly the used linguistic terms must be converted to fuzzy numbers. Suppose all CF linguistic terms
converted to trapezoidal fuzzy numbers as follows: 

(6)
( , , , )          1,..., , 1,....,

( , , , )      1,...,

r r r r
ij ij ij ij ij

w w w w
j j j j j

CFr m l u d j n i m

CFw m l u d j n

  

 

Again the aggregated CF for the ranking of each alternative may be calculated by using t-norm or average
operators. For example DM may use the product and mean operator as shown in Eq. 7.

(7)
1

( . ) /    1,...,
n

i ij j
j

CF CFr CFw n i m


 

It is supposed, the resultant CFi of alternative ranking is fuzzy number shown as follows:

(8)( , , , )
i i i i iCF m l u d

In this case the characteristics of CFi are as follows: 

(9)
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Step 3: Normalize the Cfs of Each Alternative Ranking Respect to DM Viewpoint:
The aggregated CF and ranks form a new decision matrix called as the secondary decision matrix. Table

3 shows the secondary decision matrix as follows: 

Table 3: The secondary decision matrix.
Attributes Alternatives Normalized Ranks CF of the Ranks
A1 R1 CF1

  

Am Rm CFm

Then we must normalize CFs of ranks with respect to DM viewpoint.

1. DM Expressed the Crisp CF on Each Judgment:
If the CF on each judgment is in crisp the consequent CF of each rank will be as crisp number. In order

to normalize certainty factors of alternative ranking, DM could deploy one of the following methods based on
her/his risk acceptance conditions. In conservative (risk averse) viewpoint, DM considers CF as a positive
(benefit) attribute; the larger CF, the greater preference. In this case DM may be normalized CFs by Eq. 10
as follows:
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(10)

1

1,...
C

i
i m

i
i

CF
CF i m

CF


 



where        is the normalized CF for the ranking of ith alternative in risk averse viewpoint.
C
iCF

If DM has a risk taker viewpoint then DM considers CF as a negative (cost) attribute; the smaller is CF,
the greater will be the preference. In this case DM could be normalized CFs as follows:

(11)

1 1

1/
1,...

(1/ )

i i
i m m

i i
i i

CF CF
CF i m

CF CF
 


  

 

where        is the normalized CF for the ranking of ith alternative in risk taker viewpoint.
R
iCF

If DM has a natural (normal) viewpoint, then DM try to strike a balance between extreme pessimism and
extreme optimism by weighing the above two conditions by respective weights λ and (λ-1), where 0  < λ <
1 (see Hurwicz criterion in decision theory text book such as Taha, 1976). In this case the normalized ranking
CF calculates by Eq. 12.

(12). (1 ). 1,....,
N C R
i i iCF CF CF i m    

where         are the normalized CF for the ranking of ith alternative in normal viewpoints. Parameter λ has
N
iCF

an  amount in [0-1] interval.

2. DM Expressed the CF on Each Judgment Using Linguistic Terms:
IF CFi are fuzzy numbers in the form of CF = (mi,li,ui,di) then risk averse DM could use the equation 10

for normalizing CFi. In this case       is shown as follows: iCF

where:( , , , )      1
C

i i i i
i

m l u d
CF i ,...,m

d u l m
 

(13)
1 1 1 1

   ,      ,      ,    
m m m m

i i i i
i i i i

m m l l u u d d
   

      
 

Risk taker DM firstly inverse CFi as follows:

where:
1

(  , ,    ,   )i i i i i
i

CF m l u d
CF

     

(14)
1 1 1 1

 ,       ,     ,             1   i i i i
i i i i

m l u d  i ,...,m
d u l m

       

Then DM could use the equation 11 for normalizing CFi. In this case the characteristics of            is
R
iCF

shown as follows:
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DM can use equation 12 to get  in natural (normal) viewpoint. In this case the   is shown
N
iCF

N
iCF

as                             and its characteristics are as show in set of  Eq. 16.( , , , , )
N
i i i i iCF m l u d   
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Note when DM use trapezoidal fuzzy number for the CFs of judgments (i.e. CFrij and CFwj ),       williCF
not be a trapezoidal fuzzy number (Buckley, 1985). In the proposed procedure, for simplicity of calculations
we suppose   are trapezoidal fuzzy numbers.

After the calculation of        DM should be converted       to the crisp amounts by using a iCF iCF
defuzzification approach such as Chen and Hwang method (1992 p. 246-248). 

Step 4: Rank Alternatives Based on Assigning Weights to Rankings and the CF of Ranking:
In this step DM should suggest relative weights for ranks and CF on ranks. Then DM can calculate the

final alternatives rankings using conventional methods such as the SAW.

4. Numerical Examples:
The following examples show the capability and simplicity of the proposed model. The first example has

been solved without considering the CF and two other examples proposed for the cases of existing crisp and
fuzzy CF.

Example 1: Solving the Problem Without CF:
Suppose we are looking for one type of car among these three alternatives A1, A2 and A3. There are five

attributes: C1 to C5, in which C2, C3 and C5 are qualitative attributes. Decision matrix for this example is
as follows: 

Attributes Alternatives C1 C2 C3 C4 C5

A1 3 M VH 24000 VL
A2 1.2 H M 25000 L
A3 1.5 VH Low 32000 H
VL= Very Low, L= Low, M=Medium, H=High, VH=Very High

The relative weights vector is as W = (0.3,0.2,0.2,0.1,0.2). Using scale shown in figure 1, the qualitative
attributes are converted to trapezoidal fuzzy number and then converted to crisp numbers by Chen and Hwang
method (p. 246-248).
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The new decision matrix is as follows:
Attributes Alternatives C1 C2 C3 C4 C5

A1 3 0.5 0.909 24000 0.091
A2 1.2 0.717 0.5 25000 0.283
A3 1.5 0.909 0.283 32000 0.717

The problem can be solved using one of the conventional methods such as SAW. Therefore, the decision
matrix should be normalized as follows: 

Attributes Alternatives C1 C2 C3 C4 C5

A1 0.526 0.238 0.529 0.296 0.691
A2 0.211 0.333 0.294 0.309 0.273
A3 0.263 0.429 0.177 0.395 0.636

The ranking of each alternative base on SAW method was calculated using the equation 3. Therefore the
final ranking is as follows:

Rwithout-CF = (0.359, 0.274, 0.367)

Subsequently the priority of alternatives is as A3 > A1 > A2.

Example 2: Solving the Problem Using Crisp CF:
Suppose all CF expressed by a crisp number in [0-1] interval. The dimensional decision matrix for this

example is shown as follows: 

Attributes Alternatives C1 C2 C3 C4 C5
A1 (3.0, 1) (M,1) (VH,1) (24000,1) (VL,1)
A2 (1.2, 1) (H,1) (M  0.9) (25000,1) (L, 0.9)
A3 (1.5, 1) (VH,0.9) (L, 0.9) (32000,1) (H, 0.5)
VL= Very Low, L= Low, M=Medium, H=High, VH=Very High

The relative weights vector also is shown as:

W= ((0.3, 1), (0.2, 1), (0.2, 1), (0.1, 1), (0.2, 1)). 

The procedure is followed step by step as mentioned in section 3 as follows:

Step 1:
Based on example 1, the ranking of alternatives is as R= (0.359, 0.274, 0.367).

Step 2:
Suppose DM uses min operator (equation 4) for the aggregated CFs. In this case the secondary decision

matrix forms as follows:

Attributes Alternatives Rank CF
A1 0.359 1
A2 0.274 0.9
A3 0.367 0.5

Step 3:
DM can apply equations 10 or 11 for the normalizing of CFi respect to her/his viewpoints. DM also can

use Hurwitcz criterion with λ = 0.5 shown through equation 12 for normal viewpoint. Normalizing the previous
matrix we get another one as follows:

Attributes Alternatives Rank Risk averse viewpoint Risk taker viewpoint Normal viewpoint
A1 0.359 0.243 0.417 0.330
A2 0.274 0.270 0.375 0.323
A3 0.367 0.487 0.208 0.347
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Step 4:
 Suppose DM articulates the weights of (0.7,0.3) as the weights of ranks and the CFs of ranks

respectively. After acquiring the weights, the secondary MADM model solves the problem applying an
approach such as the SAW method. Applying this method the final ranks of alternatives are obtained as
follows:

Final ranks Alternatives Risk averse viewpoint Risk taker viewpoint Normal viewpoint
A1 0.336 0.371 0.353
A2 0.273 0.294 0.284
A3 0.391 0.335 0.363

Therefore the priority of alternatives in risk averse, risk taker and normal viewpoints are as A3 > A1 >
A2, A1 > A3 > A2 and A3 > A1 > A2 respectively.

Example 3: Solving the Problem Using Fuzzy CF:
Suppose all CFs expressed by a linguistic term as shown in figure 2. Two dimensional decision matrix

for this example is shown as follows: 

Attributes Alternatives C1 C2 C3 C4 C5

A1 (3, VC) (M, VC) (VH,VC) (24000, VC) (V.L,VC)
A2 (1.2, VC) (H, VC) (M, C) (25000, VC) (L, C)
A3 (1.5, VC) (V, HC) (L, C) (32000, VC) (H, VU)
The relative weights vector is as W = ((0.3, VC), (0.2, VC), (0.2, VC), (0.1, VC), (0.2, VC)).

Using scale shown in figure 1, DM converts linguistic judgments to fuzzy trapezoidal number. DM also
converts linguistic CF to fuzzy trapezoidal number using the scale shown in figure 2. The equivalent fuzzy
matrix is achieved as follows:

Attributes Alternatives C1 C2 C3 C4 C5

A1 [3,(0.8, 0.9, 1, 1)] [(0.3, 0.5, 0.5, 0.7), [(0.8, 0.9, 1, 1), [24000, [(0, 0, 0.1, 0.7),
(0.8, 0.9, 1, 1)] (0.8, 0.9, 1, 1)]

A2 [1.2, (0.8, 0.9, 1, 1)] [(0.6, 0.75, 0.75, 0.9), [(0.3, 0.5, 0.5, 0.7), [25000, [(0.1, 0.25, 0.25, 
(0.8, 0.9, 1, 1)] (0.6, 0.75, 0.75, 0.9)] (0.8, 0.9, 1, 1)] 0.4),

(0.6, 0.75, 0.75, 0.9)]
A3 [1.5, (0.8, 0.9, 1, 1)] [(0.8, 0.9, 1, 1), [(0.1, 0.25, 0.25, 0.4), [32000, [(0.6,0.75,0.75,0.9),

(0.6, 0.75, 0.75, 0.9)] (0.6 ,0.75, 0.75, 0.9)] (0.8, 0.9, 1, 1)] (0.3, 0.5, 0.5,0.7)]
The relative weights vector is as W = {(0.3, (0.8,0.9,1,1)), (0.2, (0.8,0.9,1,1)), (0.2, (0.8,0.9,1,1)), (0.1, (0.8,0.9,1,1)), (0.2, (0.8,0.9,1,1))}.

The procedure is followed step by step as mentioned in section 3 as follows:

Step 1:
Considering earlier, the rankings of alternatives is as R= (0.359, 0.274, 0.367) without CF.

Step 2:
Using equations 7 and 8 the aggregated CF is as follows:

CF= {(0.64, 0.81, 1, 1), (0.576, 0.756, 0.9, 0.96), (0.496, 0.684, 0.8, 0.09)}

Step 3:
In order to normalize fuzzy certainty factors of alternative ranking, suppose firstly DM is risk averse, who

applies equation 13 and secondary a risk taker DM who uses equation 15. Final DM can normalize fuzzy
certainty factors of alternative ranking by using Hurwitcz criterion with λ = 0.5 for the natural (normal)
viewpoint as shown in equation 16. The normalized fuzzy CFs of alternative rankings respect to DM
viewpoints is as follows:

Fuzzy      Alternatives Risk averse viewpoint Risk taker viewpoint Normal viewpointCF
A1 (0.224, 0.300, 0.444, 0.584) (0.188, 0.249, 0.367, 0.496) (0.206, 0.275, 0.406, 0.540)
A2 (0.201, 0.280, 0.400, 0.561) (0.196, 0.276, 0.394, 0.551) (0.199, 0.278, 0.397, 0.556)
A3 (0.173, 0.253, 0.356, 0.526) (0.209, 0.311, 0.435, 0.639) (0.191, 0.282, 0.396, 0.583)
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Using a Chen and Hwang defuzzification method (1992 p. 246-248), the corresponding normalized fuzzy
CFs of alternative ranking changed to the crisp amounts.

Attributes Alternatives Rank Crisp  CF
-----------------------------------------------------------------------------------------------------------------------
Risk averse viewpoint Risk taker viewpoint Normal viewpoint

A1 0.359 0.368 0.304 0.336
A2 0.274 0.346 0.330 0.338
A3 0.367 0.286 0.366 0.326

Step 4:
Suppose DM determined the weights of ranks and their normalized CFs as 0.8 and 0.2 respectively. To

apply the SAW method final ranks of alternatives are calculated as follows:

Final Rank Alternatives Risk averse viewpoint Risk taker viewpoint Normal viewpoint
A1 0.361 0.348 0.354
A2 0.288 0.285 0.287
A3 0.351 0.367 0.359
Therefore the priority of alternative in risk averse, risk taker and normal viewpoints are as A1 > A3 > A2, A3 > A1 > A2 and A3 > A1 >
A2 respectively. 

Comparing R without-CF, R crisp-CF  and R Fuzzy-CF it can be concluded that considering the certainty
factor in the MADM problems affects the results, in terms of precision and accuracy. Comparing the proposed
method, it can be said that the fuzzy method has more emphasis on the CF index. It is not also so difficult
to apply in MADM model and its solving methods when CFs are in fuzzy forms such as fuzzy numbers or
linguistic variables.

Conclusion:
The real MADM problems are usually involved in uncertainty and consequently the decision-making

models need to consider some levels of uncertainty. The uncertainty concerned in these circumstances is not
only in the parameters, but also in the opinion expressed by expertise. The uncertainty involved in the
parameters of the model is due to judgment of DM and is usually applied using Fuzzy theory. Sometimes DMs
are not quiet convinced about their judgments. They may suffer the gaps of their knowledge on the judgment
situations. Usually DM would like to compensate deficiencies in their judgments. This kind of uncertainty
involved in human judgments was firstly studied in expert systems domain through using certainty factors as
new engaged parameters in expert systems. This paper introduces DM to apply crisp and fuzzy certainty factors
in ordinary or fuzzy standard MADM models. Opposite to conventional MADM models, in which the
operations are only applied on the value of judgments, the proposed methods apply the operations on both the
value of judgments and the certainty factors of judgments. Using this method it can be concluded that
considering the certainty factor in the real MADM problems could affect the results, in terms of precision and
accuracy. Three numerical examples were examined to illustrate the application of the proposed MADM
approaches.
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