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Abstract

The focus of the paper is on a quantitative decision making strategy that
could underline the decision making process. A decision making model based on
multicriteria optimization and devices ranking algorithm are developed. This
approach could be used to support the reasonable choice making in many real
life problems when a variety of alternatives and conflicting user requirements
exist. The algorithm is numerically illustrated and its applicability is demon-
strated on the example of real mobile phones data for three different scenarios
of user preferences.
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1. Introduction. The successful competition market’s factor is the design
and component innovation [1]. This results in products with so many options
that the choice of particular device taking into account all of these options is far
from trivial. An easy to understand example used in the paper as case study is
the choice of the mobile (cell) phone – one of the most popular consumer devices
today. The mobile phone choice example can be considered as a complex choice
making problem that could be used to model the reasonable decision making
process.

The first key challenge of the modelling is to identify the object’s attributes
that are important for the choice. One possible approach is to evaluate them in
respect to the users’ preferences by using specific questionnairies [2]. Selection of
device with optimal features can be viewed as an optimization problem to search
for optimal features combination [3]. The selection process is based on evaluation
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of the alternatives with respect to the set of relevant criteria [4, 5]. The dominant
perspective on choosing behaviour suggests that users tend to rely on objective
criteria when making product choice decisions [6]. In theory, the decision maker
(DM) somehow estimates the relative value of each alternative in the choice set
and then makes the optimal choice in a systematic manner [7]. A special but
widely applied class of discrete choice models is the attraction choice model [8].
With respect to choice modelling a large number of empirical studies has been
successfully carried out to formally capture user choice behaviour as a function
of any relevant variables in discrete choice models [9].

In contrast to popular choice models, current paper proposes multicriteria
combinatorial optimization approach. It is realized in a device ranking algorithm
to give the user different strategies in choice decision making.

2. Combinatorial optimization model. The simulation of choice be-
haviour is based on multicriteria optimization. To formulate multicriteria opti-
mization tasks, the device choice process is modelled as a combinatorial choice
from a discrete set of N devices, where decision variables xi, (i = 1, . . . , N) are
associated to each of the devices. The choice of k-th device (1 ≤ k ≤ N) means
xk = 1 while the rest of variables xi for i 6= k are equal to zero, i.e. the variables
xi are defined as binary integer variables. If some of the device attributes are
taken as maximization criteria f j and other as minimization criteria ϕk, then the
corresponding multicriteria task formulation is

(1)

{

max
(

f1, f2, . . . , fJ
)

min
(

ϕ1, ϕ2, . . . , ϕK
)

subject to

(2) f j =
N

∑

i=1

f
j
i xi, ∀j = 1, 2, . . . , J,

(3) ϕk =

N
∑

i=1

ϕk
i xi, ∀k = 1, 2, . . . ,K,

(4)
N

∑

i=1

xi = 1, ∀xi ∈ {0, 1},

where j and k are indexes of maximized and minimized device features.
Any choice problem, and in particular the multicriteria one, is not formed

without the DM participation. If DM is familiar with more or less different
multicriteria methods, his/her choice for a particular method may depend on the
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specific problem [10, 11]. The main goal of the paper is to define ranking lists of
all devices from a given set accordingly different user preferences in the process
of decision making and assisting the DM to make the more appropriate decision.

3. Device ranking algorithm considering DM preferences. Generally,
optimal device selection is reduced to search for a single device with optimal
features combination [12]. When a large number of features has to be considered,
the decision space becomes very complex [3]. The basic idea of the proposed
ranking algorithm is to solve sequentially n multicriteria optimization tasks. The
first task solution gives the best Pareto-optimal device that is included on the top
of the device ranking list. Then that device is excluded from the optimization
task formulation, i.e. its corresponding restriction matrix column is removed and
the modified task is solved again to define the second Pareto-optimal device in
the list. The procedure is repeated as many times as is the number of devices.
Apparently, on the last cycle step when a single device is left its choice is evident
but the task solution will provide the information about the objective function
value. The objective function values are used as estimation of how far each device
from the best one is. The optimization based ranking algorithm is graphically
illustrated in Fig. 1.

Fig. 1. Device ranking algorithm
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On the 1st step a set of N different devices to choose from is defined. Each
device is described by a set of features. On the 2nd step, the DM point of view
about the maximized and minimized features is expressed by defining the criteria
sets f i

j , ϕi
k.

These sets are used to formulate a proper multicriteria task on step 3. On the
4th step the DM decides on the relative importance between optimization criteria
(according to the chosen multicriteria solving method). At step 5 the device
ranking list is created by multicriteria task solving following the procedures:

a) Set a counter k = 1.
b) Solve the multicriteria task and include the defined Pareto optimal device

number (index i for xi = 1) on the top of the ranking list.
c) Remove the corresponding i-th matrix column, thus excluding that device

from the decision (n = N − 1) and increment the counter k = k + 1;
d) Check if (k > N) and if NO – go to b) or if YES – go to END.
The ranking device list is available on exit of step 5.
If the DM is not satisfied with ranking in the list the algorithm can be

adjusted by modifying the input data. Three possible scenarios for adjusting
the algorithm are: 1) add or remove some device features, and/or, 2) change
the preferences, and/or, 3) define another set of devices. Because of the fact
that multicriteria optimization is a core step of the algorithm, the choosing of
different method for multicriteria task solving can be considered too. Thus, the
proposed algorithm can be used as a based on Pareto optimization simulation
tool for reasonable decision making.

4. Illustrative numerical examples. To demonstrate the applicability of
the proposed algorithm, the numerical illustration is done based on real data of
the features of 15 mobile phones as shown in Table 1.

Using the data from Table 1, the multicriteria optimization task (1)–(4) can
be formulated as

(5)

{

max
(

f1, f2, f3, f4, f5, f6
)

min
(

ϕ1, ϕ2
)

subject to

(6) f1 =

15
∑

i=1

f1
i xi;

(7) f2 =

15
∑

i=1

f2
i xi;

(8) f3 =

15
∑

i=1

f3
i xi;
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T a b l e 1

Real data of mobile phone features

No Cell phonemodel

Camera
resolu-
tion,
MP

Inte-
grated
memo-

ry,
GB

Card
slot

capa-
city,
GB

Stand-
by

time,
h

GPS
yes/no

Talk
time,

h

Weight,
gr

Price,
BGL

(f1) (f2) (f3) (f4) (f5) (f6) (φ1) (φ2)

1 BlackBerry 9000 Bold 2.0 1.0 32 310 1 (yes) 5 133 949

2 Samsung Omnia HD 8.0 16.0 32 430 1 (yes) 10 148 919

3 Sony-Ericsson U1i Satio 12.0 0.128 32 350 1 (yes) 10 126 879

4 Apple iPhone 3G 2.0 8.0 0 250 1 (yes) 5 133 825

5 Nokia N-97 Mini 5.0 8.0 16 310 1 (yes) 6 138 785

6 HTC Google G1 3.15 0.192 16 400 1 (yes) 5 158 659

7 Sony-Ericsson W-995 8.1 0.118 8 370 1 (yes) 9 113 605

8 LG GD900 Crystal 8.0 1.5 32 300 0 (no) 4 127 599

9 Nokia E-75 3.15 0.050 16 250 1 (yes) 4 139 539

10 Samsung S8300 8.0 0.080 16 350 1 (yes) 4 105 485

11 BlackBerry Curve 8520 2.0 0.256 32 408 0 (no) 4.5 106 480

12 Nokia 5530 3.15 0.070 16 336 0 (no) 5 107 459

13 Sony-Ericsson C-903 5.0 0.105 8 350 1 (yes) 4 96 435

14 LG KM-900 Arena 5.0 8.0 16 300 1 (yes) 3.3 105 435

15 Samsung M-7600 3.15 0.050 16 350 0 (no) 5 99.7 419

Note: Data are collected by Internet at the time of manuscript preparing

(9) f4 =

15
∑

i=1

f4
i xi;

(10) f5 =

15
∑

i=1

f5
i xi;

(11) f6 =

15
∑

i=1

f6
i xi;

(12) ϕ1 =

15
∑

i=1

ϕ1
i xi;
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(13) ϕ2 =

15
∑

i=1

ϕ2
i xi;

(14)

15
∑

i=1

xi = 1, ∀xi ∈ {0, 1}.

A typical approach to solving a multicriteria problem is to transform it to a
problem with a single scalar evaluation criterion [10, 13]. After proper normaliza-
tion the widely used weighted sum method can be performed to solve the task
(5) – (14). The normalization is done by the normalization scheme [14]

(15) f∗ =
f(x) − fmin

fmax − fmin

− for maximizing objective;

(16) ϕ∗ =
ϕmax − ϕ(x)

ϕmax − ϕmin

− for minimizing objective.

The weighed sum method transforms multiple objectives into an aggregated ob-
jective function by using normalized objectives and weighting coefficient for each
objective function. The aggregated objective function is used to formulate scalar
optimization task

(17)
max(w1(f

1)∗ + w2(f
2)∗ + w3(f

3)∗ + w4(f
4)∗

+w5(f
5)∗ + w6(f

6)∗ + w7(ϕ
1)∗ + w8(ϕ

2)∗)

subject to (6)–(14) and

(18)
8

∑

i=1

wi = 1,

where w1, . . . , w8 are non-negative weight coefficients and (f1)∗, (f2)∗, (f3)∗,
(f4)∗, (f5)∗, (f6)∗, (ϕ1)∗, (ϕ2)∗ are the normalized criteria.

The weight coefficients wi (Table 2) reflect a priory preference information
of the DM point of view about the relative importance of the device features
considered as optimization criteria.

Set (a) of the weight coefficients corresponds to equivalent importance of
the device features. Set (b) of the weight coefficients illustrates the dominant
importance of devices price and weight toward other devices features. Set (c)
reflects the DM strong preferences about the devices price, camera resolution and
standby duration time.

As a result of algorithm execution three device ranking lists for three sets of
weight coefficients are defined as shown on Table 3.
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T a b l e 2

Criteria’s weight coefficients

Criteria (f1)∗ (f2)∗ (f3)∗ (f4)∗ (f5)∗ (f6)∗ (ϕ1)∗ (ϕ2)∗

wi w1 w2 w3 w4 w5 w6 w7 w8

set (a) 0.125 0.125 0.125 0.125 0.125 0.125 0.125 0.125

set (b) 0.1 0.1 0.1 0.1 0.1 0.1 0.15 0.25

set (c) 0.15 0.1 0.1 0.15 0.05 0.05 0.05 0.35

5. Results analysis and discussion. There exist different multicriteria
optimization software systems to be used for formulated tasks solution [15, 16].
Most of them require knowledge on multicriteria optimization specifics. For nu-
meric illustration weighted sum method and LINGO ver. 12 solver are used. The
solution times for the described example take few seconds on PC with 2.93 GHz
Intel i3 CPU and 4 GB RAM. The advantage of the proposed approach is that
it requires only attributes weighting. Another advantage is reducing of the task
dimension on every cycle on step 5 of algorithm execution. Further numerical
testing with different tasks dimensions is needed to get the functional depen-
dence between solution times and tasks dimensions.

As it is seen from Table 3 the different DM preferences lead to different rank-
ing lists of devices. Two main application scenarios of the proposed algorithm
for reasonable decision making would be suggested: 1) the DM makes choice of a
particular device using the defined ranking list of devices or 2) the DM evaluates
a preliminary chosen device accordingly to its position in the ranking list. In the
first case, the ranking list of devices reflecting the DM preferences will supply
knowledge not only for the first best device but also for all devices situated in re-
lation to the best one. Using that information the DM can choose a different then
the first in the list device accordingly to some other subjective preferences. For
example, if the DM is a “fan” of particular brand of mobile phones, the ranking
lists can help to choose such device that is close enough to the best device. For
example, Sony-Ericsson “fan” could choose the second device (# 3 from Table 1)
for set (a) of weight coefficients or third device of the lists (# 13 from Table 1)
for the sets (b) and (c). The second type of application of the proposed algorithm
is the possibility to evaluate some preliminary chosen device. In most cases, the
users can make some intuitive choice of some device and would like to know how
far their choice from the best one for the given preferences and criteria is. Using
information from the ranking lists the DM could change the preliminary intuitive
choice with other device that is located closer to the best one. By changing the
DM preferences it is possible to get different ranking lists of devices. It is in-
teresting to mention that different preferences expressed by different weighting
coefficients sets change the devices ranking but does not change significantly the

Compt. rend. Acad. bulg. Sci., 66, No 1, 2013 107



T
a

b
l
e

3

D
ev

ic
e

ra
n
k
in

g
li
st

s
a
s

re
su

lt
s

o
f
n
u
m

er
ic

a
l
te

st
in

g

S
et

(a
)

S
et

(b
)

S
et

(c
)

O
b
je

ct
iv

e
D

ev
ic

e
O

b
je

ct
iv

e
D

ev
ic

e
O

b
je

ct
iv

e
D

ev
ic

e

R
a
n
k

fu
n
ct

io
n

fr
o
m

T
a
b
le

1
fu

n
ct

io
n

fr
o
m

T
a
b
le

1
fu

n
ct

io
n

fr
o
m

T
a
b
le

1

va
lu

e
#

n
a
m

e
va

lu
e

#
n
a
m

e
va

lu
e

#
n
a
m

e

1
0
.7

2
7
2

2
S
a
m

su
n
g

O
m

n
ia

0
.6

2
8
3

1
4

L
G

K
M

-9
0
0

A
re

n
a

0
.6

2
7
9

1
0

S
a
m

su
n
g

S
8
3
0
0

2
0
.6

5
1
1

3
S
o
n
y
-E

ri
cs

so
n

U
1
i
S
a
ti
o

0
.6

2
3
3

1
0

S
a
m

su
n
g

S
8
3
0
0

0
.6

1
8
7

1
4

L
G

K
M

-9
0
0

A
re

n
a

3
0
.5

9
4
6

7
S
o
n
y
-E

ri
cs

so
n

W
-9

9
5

0
.6

1
3
8

1
3

S
o
n
y
-E

ri
cs

so
n

C
-9

0
3

0
.5

9
8
3

1
3

S
o
n
y
-E

ri
cs

so
n

C
-9

0
3

4
0
.5

6
1
5

1
0

S
a
m

su
n
g

S
8
3
0
0

0
.6

0
9
3

7
S
o
n
y
-E

ri
cs

so
n

W
-9

9
5

0
.5

9
3
6

1
1

B
la

ck
B

er
ry

C
u
rv

e
8
5
2
0

5
0
.5

5
0
1

1
4

L
G

K
M

-9
0
0

A
re

n
a

0
.5

9
8
3

2
S
a
m

su
n
g

O
m

n
ia

0
.5

7
2
9

7
S
o
n
y
-E

ri
cs

so
n

W
-9

9
5

6
0
.5

2
2
9

1
3

S
o
n
y
-E

ri
cs

so
n

C
-9

0
3

0
.5

6
6
5

3
S
o
n
y
-E

ri
cs

so
n

U
1
i
S
a
ti
o

0
.5

6
7
9

2
S
a
m

su
n
g

O
m

n
ia

7
0
.4

7
4
2

1
1

B
la

ck
B

er
ry

C
u
rv

e
8
5
2
0

0
.5

5
4
0

1
1

B
la

ck
B

er
ry

C
u
rv

e
8
5
2
0

0
.5

6
0
3

1
5

S
a
m

su
n
g

M
-7

6
0
0

8
0
.4

5
8
3

5
N

o
k
ia

N
-9

7
M

in
i

0
.5

3
3
5

1
5

S
a
m

su
n
g

M
-7

6
0
0

0
.5

1
6
4

1
2

N
o
k
ia

5
5
3
0

9
0
.4

2
0
6

1
5

S
a
m

su
n
g

M
-7

6
0
0

0
.4

8
9
3

1
2

N
o
k
ia

5
5
3
0

0
.5

0
5
9

3
S
o
n
y
-E

ri
cs

so
n

U
1
i
S
a
ti
o

1
0

0
.4

0
7
3

6
H

T
C

G
o
o
g
le

G
1

0
.4

4
7
4

8
L
G

G
D

9
0
0

C
ry

st
a
l

0
.5

0
2
1

8
L
G

G
D

9
0
0

C
ry

st
a
l

1
1

0
.4

0
4
2

8
L
G

G
D

9
0
0

C
ry

st
a
l

0
.4

2
9
2

5
N

o
k
ia

N
-9

7
M

in
i

0
.4

4
7
3

6
H

T
C

G
o
o
g
le

G
1

1
2

0
.3

8
6
9

1
2

N
o
k
ia

5
5
3
0

0
.4

1
1
3

9
N

o
k
ia

E
-7

5
0
.4

0
8
6

9
N

o
k
ia

E
-7

5

1
3

0
.3

8
1
2

1
B

la
ck

B
er

ry
9
0
0
0

B
o
ld

0
.4

0
7
9

6
H

T
C

G
o
o
g
le

G
1

0
.3

8
9
4

5
N

o
k
ia

N
-9

7
M

in
i

1
4

0
.3

4
9
9

9
N

o
k
ia

E
-7

5
0
.3

2
5
1

1
B

la
ck

B
er

ry
9
0
0
0

B
o
ld

0
.2

3
8
8

1
B

la
ck

B
er

ry
9
0
0
0

B
o
ld

1
5

0
.3

0
1
2

4
A

p
p
le

iP
h
o
n
e

3
G

0
.2

9
6
2

4
A

p
p
le

iP
h
o
n
e

3
G

0
.2

1
7
6

4
A

p
p
le

iP
h
o
n
e

3
G

108 I. Mustakerov, D. Borissova



Fig. 2. Graphical representation of the objective function values

corresponding graphical representation of the objective function values (Fig. 2).
Further investigation is needed to explain that phenomenon.

Experimental study indicates that the proposed algorithm is more informa-
tively efficient in respect of reasonable choice problems than single solution meth-
ods. User perception or preference is the critical input variable, in the form of
multivariate product information and the proposed approach is consistent with
this.

6. Conclusion. The paper describes a combinatorial optimization approach
to modelling choice decision making behaviour when numerous and conflicting
evaluations of a set of devices should be done. A ranking algorithm based on
repetitive multicriteria optimization problem solving using a priori aggregation of
preference information is developed. The final result of its execution is a ranking
list where the devices are ordered accordingly to the given user objectives and
preferences. The defined ranking list of devices can be used to assists the user
to make a reasonable choice. The proposed approach is numerically illustrated
on the example of real mobile phones data for three different scenarios of user
preferences. The results of numerical testing show its applicability for: 1) assisting
the user to make a reasonable choice of a particular device using the ranking list
of devices and 2) evaluating a preliminary chosen device how far it is from the
“best” device. The proposed combinatorial optimization ranking approach can
be used for choice decision making of different kind of objects, characterized with
many options – from consumer goods to complex systems as manufacturing tools,
machines, robots, cars, aircrafts, etc.
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