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Abstract

Currently, studies on group decision making are
attracting considerable attention in many fields. With
the increasing use of the Internet, there is an
abundance of information available easily to us.
However, it is difficult to evaluate accurately the
reliability of such information, because much of it is
colored by preferences and bias or opinion. It is
therefore of interest to develop a group decision-
making algorithm that can make appropriate
decisions by processing this kind of information.
Group decision-making algorithms are employed in
many situations, a typical example being the
evaluation of a hotel’s overall quality. However,
current methods of evaluating hotels are not always
reliable, because a guest may not be able to evaluate
all hotels, and different guests have different
preferences, or “inclinations.” As such, it is difficult
to select the best hotel from a review of hotel
rankings. In this paper, in an attempt to solve this
problem, we focus on decision making that takes
place in a honeybee swarm to select a nesting site.
Although each bee has different inclinations, the
honeybee swarm is capable of choosing the best
nesting site. We applied this advantage to generate
hotel rankings. We then conducted simulations that
assumed practical application and confirmed that
reviewers agreed on the top hotels, and the
reliability of the top rankings improved, at the
expense of decreased reliability of the lower
rankings.

1. Introduction

Currently, much research is being carried out on
group decision making, and various algorithms [1-
13] involving applications of fuzzy theory and
Markov chain models have been proposed. However,
these studies have been carried out on small groups
of only 4-5 people, which is a very small number to
apply the method to Web-based applications,
because, with a popular Web site, the size of its user
base is much larger, and such groups continue to
grow with time. Finding hotels, restaurants, and
other locations on the Web is a typical application. In
such cases, users tend to rely on the reviews of
previous guests, in addition to information from the
official Web sites of such places. In this context,
review-based rankings are important sources of
information. Usually, such rankings are generated by
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calculating the average score in certain categories,
such as the room size, site location, and available
facilities.  These  rankings are intuitively
understandable and are widely used.

However, disagreements may arise, as reviewers
have different preferences. In addition, no reviewer
can evaluate every candidate, and thus, a fair
comparison is impossible.

To solve this problem, we focus on the behavior of
honeybees when searching for a new nesting site. A
honeybee swarm searches for a new nesting site by
employing hundreds of scout bees. Each scout bee
has a different preference, or “inclination,” and visits
only a few candidate locations. Nevertheless, the
swarm can select the best site based on the
recommendations of these hundreds of scout bees
[14].

In this paper, we employ hotel rankings as a
typical example, and apply an algorithm based on
honeybee behavior to this example. To demonstrate
the effectiveness of this algorithm, we conduct
simulations and compare its ranking results with
those obtained using a conventional method.

2. Problem domain

We consider the ranking of hotels and employ
five factors for evaluation: dinner menu, room
comfort, accommodation fee, room service, and spa
conditions. In the simulation, the score for each
factor is set randomly from 1 to 5. To express the
inclination of reviewers, each reviewer is given a
weight for their evaluation of each factor. Each
weight is set randomly as a real number from 0 to 1.
The evaluated score of the x-th factor of the y-th
hotel by the z-th reviewer is given by a product of the
score for the factor, (H,(y)), and the weight of the
reviewer, (w;(2)), as shown below:

Ex(y,2) = Hy(y) X wx(2) (1)

To investigate the effectiveness of the honeybee
ranking algorithm, we compare its rankings with two
others, conventional ranking and “desired” ranking.
In conventional ranking, each guest evaluates a few
hotels, and the ranking is generated on the basis of
the average scores given by several guests. In desired
ranking, each guest evaluates all the hotels, and the
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ranking is generated on the basis of the average
scores given by all guests.

In the real world, it is impossible to generate the
desired ranking. Our aim is to generate a ranking
similar to the desired ranking using less information,
and in this study, we investigate the performance of
the honeybee-swarm-based algorithm as a means to
achieving this.

3. Decision making in a honeybee swarm

3.1. Summary of the honeybee algorithm

In this section, we explain the decision-making
algorithm used by honeybee swarms, as
demonstrated by Thomas D. Seeley, P. Kirk
Visscher, and Kevin Passino [15].

Scout bees play two roles: explorer and observer.
First, hundreds of scout bees travel to candidate sites,
and if a site is of a certain quality (i.e., it is over a
predetermined threshold), they evaluate the site and
then return to the cluster. They then perform dances
for observer bees to express their site evaluation.
After dancing, explorer bees revisit the site and
return to the cluster repeatedly. Observer bees watch
their dances in the cluster and some of them are
recruited by the dancing scout bees. The recruited
bees visit the site and evaluate it themselves before
returning to the cluster, where they then dance as
described above. Each time the bee returns to the
cluster, the dance “strength” decreases until finally it
reaches zero. Subsequently, the bee rests, and then it
becomes an observer. When a certain number of bees
concentrate on a site, the site is selected as a new
nest site.

Equations for this decision-making process [15]
are shown below. Table 1 defines the notation used
in this paper.

The evaluation value of site j at time step k by
bee i is given by

STk = N; - wy(k) @

The dance strength of bee i at time step k is given
by

Li(k) =y S/ (k) =1, € @)

The probability that an observer watches a dance
is given by
1 Le(k)?

Po(k) =1 —exp(=3-—5-) @)

The probability that a bee is recruited by a
dancing bee i is given by

__ Lix)
pi(k) = Z?fl(k)Li(k) 4

Table 1 Notation used in this paper
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Symbol Deefinition
k Time step
N Quakity of site |
Wy Scoutbee (s evaluation poise
_l;;' Site j"s score by scout bee i
iy Qualty threshold that decides
whether a bee evahaates the site
¥ [mitial dance strength
IR Dance strength of scoutbee @ at
tirne step k
Te Mumber of times a bee has
retumed 1o the choster of a bee
E; Dance decay rate
P Probability that a resting bee
will sesk to observe dances
Pl Probability that a bed observes
dances at time step &
Li(k) Total wapgle muns at time step &
g Constant valoe to decide the
probabdity that a bee observes
dances
i Probahility that an observer is
recrutted by a dancimg bee
BAR) The aumber of bees daneing i
the chster at time step &
£y Quomm threshold to decide best
it

4. Application to hotel rankings

We apply the honeybee algorithm to the ranking
of hotels. Table 2 summarizes the correspondence
between honeybee behavior and the evaluation of a
hotel. We denote k as a time step of one week in this
algorithm. p,,, denotes the probability that a guest
travels again at each time step. p, denotes the
probability that a guest refers to reviews on a Web
site. p; denotes the probability that a guest visits the
hotel based on the review. Table 2 summarizes the
notational correspondence between the honey-bee
algorithm and the hotel-ranking algorithm.

Fig. 1 shows a flowchart of the hotel ranking
algorithm. A guest (correspond to an explorer bee)
chooses a hotel of a certain quality (larger than the
threshold ;) on the basis of the official Web site of
the hotel. After his or her stay at the hotel, the guest
posts an evaluation score on the Web site. As each
guest has his or her own inclination, the guest’s
evaluation score of a hotel is denoted as equation (1).
The guest returns home, and after a time step passes,
he or she travels again with probability p,y,.

Next, we describe a guest that selects a hotel
based on its review score (corresponding to an
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observer bee). Each guest refers to reviews on the
Web site with probability p,, as shown by equation
(3). Thus, if there are many high-quality hotels on
the Web site, the number of guests that refer to the
reviews will increase.

After a guest reviews the score L;(k), the guest
chooses a hotel to visit based on the review score.
The probability that a hotel is chosen on the basis of
the ith review is given by p; of equation (4). Thus,
guests tend to visit hotels that have higher scores.

The guest stays at the selected hotel, and submits
his evaluation of it. The review score is posted on the
Web site, and after a time step, the guest will travel
again with probability p,y,.

The review score decreases every time step, as
shown by equation (2).

By repeating these processes, a hotel that is of
good quality gathers many guests, and, if the number
of guests reaches a certain threshold, this process is
resumed and a ranking of the hotels is generated on

Table 3 Notation used in our algorithm

avinbxol Homwy bes Huaotel :I‘Hr'lb:i.fIE
& Time shep Tame sleg (oe wWesk)
My Cuality of site § Hotel j*s quality
) Scout bee (s Guest §*s noise of
evaluntion moise evithmtion
Ep Crality threshold (hat | Cualiny threshold that

decides whether a bee | decides whether a guest
evaluates the site wvisits the hotel

5’ Scout i*s evahiation Guest [’y evahiation of
of site § loted
¥ Imiteal Jdairce strsmgih Initial score of & hotel

Dance strength of Hotel i*s score of guest

Ly(k) scout bee @ at time i at time step &
atep &
The memibser of tHmnes Muinber of s alepa
re a e renirms 1o e elapsaed since posting a
chster reviEw
Eg Dance decay rate Diecay mate of hotel

score of hatel §

P Probability that rester | Probability that a goest
will seek to obaerve travie] agaimn

dances on the chister

Frobability that a bes Frobabilsty that o goest

Palk) obs=rves dances at refers to reviews on
tirme slep & websile
o Constant vahe o Constant valoe to

decides the prohability
that a bee observes

decide the probatdlin
that a guest refers
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dances reviews on wekbsite
the basis of the number of visiting guests. LeCk3 Total waggle rus at | Total of hotel’s review
tpe slep & score al e slep X
Probability that an The probability that the
Table 2 Correspondence between the honeybee Putk) phssrverIs reemied | hotel I chibsen on the
. - . ¥ i ket bada g = e SIS o1 1 review N
algorithm and hotel-ranking algorithm time siep & time step &
. " " The tamier of biis The nombser of goests
H(l]]E:fb?b?:l]g{[l'lT]]E Hn[elmkmga]g-mlhﬂl B[} than have dapced in who have feviensd
choster at time step & hotels at tme step &
Eq Queorum threshald to Quorum threshold to
|: :]1[[3 . f H 1 decide the hest nest decide the best hotel
andidate site for nest &— Hote
Eraluationofseoutbee € Evaluationof guest
Time step € 2 Oneweek
Site’s quality € Hotel's quality
Each bee’s threshold €— Bachsuest’sthreshuld
et - 1-p, et
Initial danee strength €—> Initial hotel score N e e
Dancestrength of scouthee € Guesfevaluation scare of hotel
Decay rate of eachguest’s L
Deczy rate of dance strength PREN = ! -

- ¢ evaluation score of hotel e A guest ssiects 3 hotel based
Prohalility that 2 resting hee Probablity that each guest | | whase zcove s mote then ::c:;:::\"""f"’ i
will seek to oheerve dances Travel aeain | ¢zon the basis batal shes —
Probakulity that chserver Probahulity that puest refers to I_, The guest evahites the fotel nd

- - L, - . : pasts the earustion ovine
ohserres danees PETEWS T
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Probakilitythat 2 chserver Probablity that 2 poest choosesa or st a hote -
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recruited by a dancing seout bee hotel fo visat haged on reviews “o.,:,:,,:
Nummber of bees that have The numberof guests that have The numiser of guests reacs s
dancedin the cluster posteda review g hriain tymmokintshoit The resem i faded
Number of besethat visited 2 Numberof puests whovisited a
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Fig. 1 Flowchart of the process of a guest visiting

a hotel
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4. Simulations

4.1. Simulation parameters

We conducted 12 simulations with different
parameters. Table 4 gives an overview of each
simulation, while Tables 5-7 show the chosen
parameters in detail, and Table 8 lists the parameters
that are fixed throughout the simulations.

Table 4 Overview of simulation parameters

) ) Variance of the | Variance of the | Probability thata
Simulation o ’ ;
guests'inclination [  hotel quality | guest refers review
1 small large middle
2 small small middle
3 large large middle
4 large small middle
5 small large high
6 small small high
7 large large high
8 large small high
9 small large low
10 small small low
11 large large low
12 large small low

In simulation 1, the variance of the inclination of
guests is small and that of the quality of hotels is
large. Thus, this setting is easy to rank. In contrast, in
simulation 4, the variance of the inclination of guests
is large and that of the quality of hotels is small, and
thus, this setting is difficult to rank.

In simulations 5-12, we modify the influence of
the probability that a guest refers to reviews, p,.

Table 5 Parameters for simulations 1-4

Table 6 Condition setting for simulations 5-8

Simulation
5

Simulation | Simulation
6 7

Simulation
8

Constant
value to
decide p,

2000 (p,, is high)

Average of
noise of
evaluation
for all
guests

0.499

0.500 0.499

0.500

Standard
deviation
of all
guests’
evaluation
noise

0.100

0.010 0.100

0.010

Average of
each
hotel’s
factor
score

3.003

3.003 2.916

2.916

Standard
deviation
of each
hotel’s
factor
score

0.570

0.570 1.178

1.178

Table 7 Condition setting for

simulations 9-12

Simulation
9

Simulation | Simulation
10 11

Simulation
12

Constant
value to
decide p,

4000 (p,, is low)

1 2 3 4

Simulation | Simulation | Simulation | Simulation

Constant
value to 3000
decide p,

Average of
noise of
evaluation
for all
guests

0.499

0.500 0.499

0.500

Average of
noise of
evaluation
for all guests

0.499 0.500 0.499 0.500

Standard
deviation
of all
guests’
evaluation
noise

0.100

0.010 0.100

0.010

Standard
deviation
of all guests’ 0.100 0.010 0.100 0.010
evaluation
noise

Average of
each
hotel’s
factor score

3.003

3.003 2.916

2.916

Average of

each hotel’s 3.003 3.003 2.916 2.916
factor score

Standard
deviation

of eachhotel’s | ¢ 579 0.570 1.178 1.178
factor score

Standard
deviation
of each
hotel’s
factor score

0.570

0.570 1.178

1.178
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Table 8 Fixed parameters

Number of guests

5000
Number of hotels 500
Probability that a guest 10
travels again [%]
Each hotel’s factor score 1-5
Hotels’ initial scores 6

Decay rate of each guest’s

- 15 (review score
hotel evaluation score (

decays to zero over 10

result, the reliability at the top is improved at the
expense of the reliability of the lower rankings. This
tendency is observed in all simulation results. The
proposed method is superior to the conventional
method, particularly so in simulation 4, where the
parameters make it hard to generate a reliable
ranking.

Table 10 Results of simulation 2

Simulation £

Provionas musthod Inapiresd by Hosuey b

weeks)
Quality threshold that 10
decides whether a guest
visits a hotel
Quorum threshold to decide
best hotel 2500
3.2.Results

Table 9 shows the results of simulation 1. In this
table, the first column shows hotels that are arranged
according to desired ranking. The second and fourth
columns show the ranks of the hotels that are
generated by a conventional and the proposed
methods, respectively. These ranks are an average
taken from 100 simulations, and their standard
deviations are shown in the third and fifth columns,
respectively.

Table 9 Results of simulation 1

Dhasi vl Rank Standard Hank Htandurd
ranking ordar deviatian ariler deviatian
1al ranked 06 2 44 L.14 0E5
hatel
il ponkesd 3.0 @0y 1680 il
hatel
drd ranked |08 2,41 & A 024
hatel
dth panked ey @ g [ Bl
hatel

b rankesd

210
] e

]-“...:_:]TE’;IE 49,24 .55 _T_I..H-I
'E'r“';'"TI:'I:':k"" 50,50 5.0 57.20 17.17
'-"""IJ:H’I:':]'L"" e EE 161,42 8,78 17,72
aeb ranked | g 6.3z 5906 14.58
'-'!m]"“'li'l:]'k"'; 1,008 101,67 61,04 13,77
B0t runked | g g 10,00 BLIE 19.83

Simulation 1 Table 11 Results of simulation 3
Himulation 3
Previous method Inzpired by Honey bee
Previous method Inspived by Honey hee
Diesived
ranking Rank Stnndard Runk Standard Thosiresd i
Order | devistion orcler devintion e Rank Standard Rank Standard
ranking avider deviatian arder deviation
1at remked 1.24 0.51 100 .00
potel tst ranked |y 7y 469 110 0.3
Jm{},:,':lk ol 0.65 2,00 0.00 I-""-"*‘]k | : : : :
- And rankes . . "
Aed Illlliill:.u'd 198 0.8T 3,47 0.49 hatel 4,84 483 M .04
- drd ranked . e
'”hh'::::""'” a.58 0,57 3,56 0,50 hotal B3 184 Lo 0.90
- dth ranked §
ath ra :lk'""' 5.50 070 5,410 053 hatel G 430 M 151
|- N e e m o, B th ]
Fath kel | o | o | mier | asar "h..""}‘“ 74 7860 776 293
haotel o i - ' ﬁbﬁwﬂﬂ
— - Tr “—hy.rry-'—h\_._,.'-—h\.._\_,_,.'-'——h\..__,_.'-'— e
"';'";I"):'L’jk“l 5572 | 1038 f6.28 12.90 "'”.,‘I:l‘;j 1 sa16 40,57 #4312 55,90
O67th ranked I - - s
a549.50 1035 AT.08 18.32 Hith manked 1 - . N
— |II“.I:IIIH1,‘[ hatal 71.0Z 32.70 83,38 76,54
R 50,96 0.81 G832 10,18 e
— Gt ranked 7 FETE a4.08 v o
i:u!:hhl.| |-|::|:ki'-:l G070 914 50.32 1683 hatel 144 36,73 4,02 6552
ot
G0th ranked [ o oo .58 63,99 14,66 ”m_: ""L;k"" 154 20.67 865,90 50,72
hastel fali
o "H"'.:.I:‘F'}kﬁ" 7244 3302 26,92 5,14
Table 9 shows that the proposed algorithm is more -
reliable than the conventional algorithm for higher B rked | 72,04 3134 T 185
- . . faate
ranks. This is because the calculation resources
concentrate on generating the top ranking, and as a
Copyright © 2013, Infonomics Society 818
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Table 12 Results of simulation 4 Table 14 Results of simulation 6
Simulation 4 Simulation §
Frevious method Inspired by Honey bee Previons method Inspived by Honey hes
m?:.d H-HIII}E Brandard Rulu.k Standnrd Desived Rank Btandard Rank Buandard
8 arder deviation e deviatlon runking arder deviation avdar deviation
1st ranked
Y 253 1.48 ]
hated 1“';:";}“'“ 212 1.85 L& 061
Enal panked
4.0 am 1.5 LR [
hotel ; znﬂhz;’l‘“"d a2z aa1 156 0.50
drd ranked
610 441 [ ] 4.110 .
hatel s h’::[‘“’ 632 432 a.62 0,96
4th ranked - . -
G.B2 5,22 G0 IR 5] F
hotel b renied | g g 438 274 0.77
Ghranked | g o L7 .44 .00
hatel Bith ranked -
m%%%ﬁ | __hoiel | Han e A a8
Gith ranke 594 108 0.5 9.9 ﬁ_%@%ﬁ
hotel Gith rank 5 - ‘
- hotel GET 24 TH.5 482
sodmrked | sag 121 B1A 14 rrra——
. ! h;:} “ B5.6 BT Th.& AEE
Sith runked | oo g 2.9 550 19.4
hatel ATth rnnked ) —_— -
e —— o BED AL 5 56
* ool .4 a9 G 0,7 ——
adth ran
5ovh ranbed N " . bt GE.B ans T84 BB
hiatal L A e e S9th ranked
. 6.3 a4.0 532 40.2
e-ml;;:;k«-l B2 2.2 B2A 2.4 m;’”“'lkﬂ
o 685 .l BT ik

Tables 13-20 show the results of simulations 5-12. In
these simulations, we change the probability that a guest

. Table 15 Results of simulation 7
refers to reviews to select a hotel. From the results, we can

see that, where the probability is higher, the calculation Simulation 7
resources are concentrated toward generating higher Decired Previaus method Inspired by Honey bee
rankings and the reliability of higher ranking is improved ranking Rank Standard Rank Standard
at the expense of the reliability of lower rankings. order | devintion ordex deviation
1st ranked . -
- . i 0 Y
Table 13 Results of simulation 5 hatel i 136 L0 b
Samulntion § 2nd ranked - ‘
Provious method Tnspared by Honey hos heatel A L6z 210 b
Powrd | pk | Stondard | Rank | Standard and ranked
(] A ANLAT Jul LETNTIE T -
e order deviation ander deviation hatel 5.26 LIE 14 LIT
1 lead
Tt m 00 100 0.00 4"’]1’:]'133“"1 616 359 178 1.5
E“dh::ﬂm 2.00 115 T3] (] sth runked . i
ol 6.4 503 610 165
Srd ranked | o 105 2 R .82 A%%%ﬁ
e fm 8.7 2548 580 6268
. [ i oy .
"‘hh’;::*d £12 168 3T 0.70 hatel
. A6th ranked crgm
sthrked | sy 140 .26 0.91 o 59.48 19.71 7420 ALIT
W%W%ﬁ
S rAnRed | e 10 1256 57.08 16.74 §7th ranked - .
histe] hatel 0, T 2481 7834 00T
"'“*"h;f:i"” 566D 12.48 5802 17.70 8th ranked
= Tth ranked hated b 26,73 TH.76 67,13
e T 1148 B8 ) 16,14
. ftith ranked - -
al‘tlllu:w:lked 5766 1068 50,30 14.99 hatel 64,18 2217 TO.R0 47.13
Hith ranked - b
e §2.10 1242 9,80 1458 W”ﬁ;k"d 5 R 2278 70.80 6843
M'L;f‘:lh’d BLAD B95 0,70 19,84
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Table 16 Results of simulation 8

Table 18 Results of simulation 10

Simulntion &
Previgus method Inspived by Honey bee
Desired
ranking Rank | Standard Rank Standari
arder deviation order deviation
lelllrﬂutlzll;'.l."d 170 RAG 1.00 (.00
?f'dh:*:;'ffd 13.64 13.43 446 284
ardhﬁz:wd 12,80 12.00 148 3
4thh['ﬂutz:wlﬂ 15,04 15,89 4450 337
ath runllwd 15.28 14.62 .52 414
ﬁ%ﬁﬁﬁ
h;:'; 8182 5086 9752 04,52
v I e T
Hhmell o | o we | T
shraked| g | osez | womos | 2o
mn];;?:llm{ 8280 59,02 104.46 o9 &2
Bml;l :::l}z'?"i 24.80 #0103 105 68 100.74
Table 17 Results of simulation 9
Simulation %
Previous method Inspired by Honey bee
Desired
runking Hank Standard Hank Standard
arder deviation arder deviation
lﬂhf;:'l‘“d 100 0.00 L0 0.00
iﬂdhzzrﬂi 2.2 058 200 0.00
Bl I I B S
ithhr;::wd LM LM 140 090
th mnlk.ed 406 1.8 480 1.02
%%%%ﬁ
aiith rank
o h::I 56,52 10,66 752 16,32
“‘5‘];;’{:"]‘” W08 | 1230 5812 17.90
a7th rankesd
’ ‘h::;‘l 58,16 1180 3848 19.14
iJE{]tL];]{:}lEd 58 i 1053 ARTI 16.17
ml;:;}kf'd 50,26 10,45 59.24 19.07
Al panked . : 5.95
tl];ﬂ:] 59,28 0.26 59.30 15.25
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Simulation 10
Previous method Inspired by Honey bee
Dhesived
ranking Rank Stundard Runk Standard
order deviation arder deviation
IEIhT-:;:tLLIle 250 L57 1.50 0.57
ErlnLgltL:llwd a4 2 16 156 0.54
'”hh:::re'i 512 3,50 414 045
5rhh:°:::‘“'i .08 349 6.18 3,49
e — ) ———
?ﬁm 57.42 17.25 59,30 3131
ﬁﬁll;;?;tkwl 518 17.40 G146 354
:E.'Irl;;-f:tkkl B0 17.44 fi1.50 F65
E'Etltl,;mm 5020 16.54 B0 3261
f‘“t;‘:':[k"d B0.34 17.62 F1.62 3075
ﬁml;:?;tk“l BLI0 2140 G466 @5 26
Table 19 Results of simulation 11
Simulation 11
Previous method Inspired by Honey hee
Dhesired
ranking Rank Standard Rank Standard
order deviataon arder deviation
lslhr;i;ced 310 261 1.0% .14
nd ranked 5
11:::1 444 307 228 .85
‘“h}:‘[’?‘f"“ 776 833 4% 1.29
fth rnt:]ietl 844 &30 a4 1.53
FShth raiked |
hatel 54,96 M98 68.2 .5
::IEII]]n1 nr::;k@d 50,48 38,10 5.4 774
a7th ranked "
et | s08 [ 2640 7. .2
aHLr?En]k'«‘d 50,95 2849 774 B4.5
"‘“]]‘;z:‘;;k*’d B1z | mse 787 8.5
G0tk ranked
MT:S = 2 a0 745 T 411
820
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Table 20 Results of simulation 12

Simulation 12
Previens method |I'|.-|.-|"|'|| [ H-II'II':-.' s
I]I'!“-“"\I
ranking Hank Standard Rank Standard
order devintion order deviation
]'*'I:""l"t‘"" 5.0 5.0 116 .54
M2
3 panked - ) -
o 742 £.92 274 104
By
"T"I “:”:‘"” 5.20 926 158 167
MM
41l panked , - . -
hotel 0,28 9.37 LAG 1.5
bth ranked - ) )
el 8,70 82T 197 2
fath rank=] . - o =
Tyt I-‘L T6.0 0.0 01.0 8.4
MM
hith rankesd - - ) —
|:|"|.l:'|ﬂ 17 albh 3.3 1.7
57th ranked )
hotel 794 i1 038 045
0
iath ranked _— I0E @
otel Tha G530 155 EAY
e
59th rankesd . . —
bl | B 532 1083 1034
fith rankesd P o0 -
- B4 605 108.5 8.7
HHE

From these results, we can conclude that the
honeybee algorithm is effective for generating top
rankings when the number of reviewers is limited.
The reason for this is that guests concentrate on
relatively good hotels, and therefore, the accuracy of
higher rankings is improved at the cost of
deterioration in the accuracy of lower rankings.

In addition, we find that if the probability that a
guest refers to reviews is high from the start, then in
the initial stages of the simulations, guests visit the
top-rated hotels and do not visit lower-quality hotels,
S0 guests concentrate on evaluating the best hotels.
On the other hand, if this probability is low, guests
do not visit the top-rated hotels in the initial stages,
and so there is a probability that they will visit
lower-quality hotels.

In these simulations, we ignore the budget of
guests, and as such, every guest tends to concentrate
on the higher-ranked hotels. In future work, we will
take this constraint into consideration.

Copyright © 2013, Infonomics Society

5. Conclusion

In this paper, we attempted to improve the
accuracy of a hotel ranking system by applying an
algorithm based on the behavior of honeybees.
Simulations were conducted to investigate the
performance of the honeybee algorithm, and the
results confirmed the effectiveness of the honeybee
algorithm for the top-ranked hotels.
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