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A Price Prediction Model for Online Auctions usingFuzzy
Reasoning Techniques

Preetinder Kaur, Madhu Goyal, and Jie

Abstract—E-consumers are urged to opt for the best bidding
strategies to excel in the competitive environmensf multiple
and simultaneous online auctions for same or simitatems. It
becomes very complicated for the bidders to make ¢h
decisions of selecting which auction to participaten, place
single or multiple bids, early or late bidding andhow much to
bid. In this paper, we present the design of an aahomous
dynamic bidding agent (ADBA) that makes these dedizns on
behalf of the buyers according to their bidding behviors. The
agent develops a comprehensive methodology for ir@t price
estimation and an integrated model for final priceprediction.
The initial price estimation methodology selects amuction to
participate in and assesses the value (initial pr& of the
auctioned item. Then the final price prediction moel forecasts
the bid amount by designing different bidding straegies using
fuzzy reasoning techniques. The experimental result
demonstrated improved initial price prediction outcomes by
proposing a clustering based approach. Also, the selts show
the proficiency of the fuzzy bidding strategies irterms of their
success rate and expected utility.

|. INTRODUCTION

and endeavor to guarantee the delivery of the &ecording
to their bidding behavior.
eBay style auctions adopt the English auction fonwvith

an exception to the winning bid [7]. In eBay auctip a
bidder with the highest value wins and he paysstmond-
highest bid plus one bid increment amount insteéfguhging
his own bid. However, the bidders do not bid tegximum
values either because they have trouble undersiguttint
they should bid their maximum value or they hawwibte
simply figuring out what their maximum value is.oSing
price prediction of the auction can help the biddarsetting
their maximum valuation of the auctioned item. Rartnore,
the bidders adjust their bids towards the maximatoation
of the item repeatedly in response to the remaitimg left
of the auction and the bids placed by the othetigiaants,
which leads to the different bidding behaviors. éwling to
different bidding behaviors, bidders are categaokizas
evaluators, participators, opportunists, skeptisgjpers,
unmaskers or shill bidders [8-10]. Moreover, laigding in
online auctions has aroused a good deal of attefitib-13].
Late bidders appear near to the closing hours aiumtion.

HE advent of electronic commerce has dramaticallyThis is a very common behavior by the bidders ireBay

advanced the traditional trading mechanism i.einenl

auctions and has turned up as a powerful toolltacate
goods and resources. In the online auctions’ eriserp
traders purchase or sell products by employing iBpec
trading rules over the internet supporting différanction
formats. The common online auction formats are Bhgl
auction; Dutch auction; First-price sealed-bid; &etond-

price sealed-bid [1, 2]English auctions are the most

common auction type employed by the online auctosién
eBay, Amazon etc. Bidders participating in this ke#place
strive for choosing the most favorable bidding tetgées to
win the auction based on their bidding behaviorordbver,
there are multiple auctions where bidders can obtair
desired items. This further complicates the situabf the
bidders in making decisions of selecting which encto
participate in, placing single or multiple bids amulv much
to bid [3, 4]. These hard and time consuming psses of
analyzing, selecting and making bids and monitorang
needed to be automated to assist the buyers wiuiténiy.
Software agents can promisingly act upon thesestask
behalf of the traders. These are the software tibals can
execute autonomously, communicates with other agent
the user and monitors the state of its executiair@mment
effectively. These negotiating agents outperformeirth
human counterparts because of their systematimapbprto
execute complex decision making situations [5, Hje
software agents make decisions on behalf of thewuoers

style auction with hard closing rules. Late biddimgy be
the best response to a variety of incremental bgldi
strategies because they can better realize the efathe
auction by observing its historical data. So thiera need to
design a mechanism which decides the bid amourd at
particular moment in time according to the biddbehavior
of the late bidders.

The closing price prediction of an online auctisreiitical
because of the dynamic nature of the auction ateg[14].
It depends on the path followed by the price durihg
auction which is known as price dynamics of thetianc
Different data mining techniques has been usedediqt the
closing price of an auction. Data from a seriethefsame or
similar auctions closed in the past has been usddrécast
the winning bid by exploiting regression, classifion and
regression tree, multi-class classification andtiplel binary
classification tasks an auction [15-18]. Also tl&tdry of an
ongoing auction contains significant informationdars
exploited for the short term forecasting of the tnex by
using support vector machines, functional k-nearest
neighbor, clustering, regressiand classification techniques
[14, 16, 19]. However, most of these price predicti
methods are static that uses information whichvalable
only in the beginning of the auction [18, 20]. Thesnnot
incorporate price dynamics of auctions for simitams like
the models in [21-23]. In addition, price dynamio$
auctions are different, even when dealing with dbetions



of similar items which has a strong influence oa tirice
prediction outcomes [24]. So there is a need toatherize

average bid amount and average bid rate. Now

ATT={OpenB CloseR, NUM, AvgB, AvgBR,

these auctions based on their price dynamics before whereATT be the set of attributes for an auction

predicting the closing price of the auction.

In this article an Automated Dynamic Bidding Agent
ADBA is developed that uses machine learning armtyfu
reasoning techniques for bidding in an environmeft
multiple and simultaneous online auctions of sanme
similar items. This agent assists bidders in makiegisions
by designing bidding strategies as per their déffétbidding
behaviors. ADBA selects an auction to participateand
assesses the value of the item by adopting a diugteased
bid mapping and selection approach. The final patéhe
selected auction is predicted by designing biddimgtegies

based on bidding behavior of bidders using Mamdani’
Method for fuzzy relations and compositional rulé o

inference [25].

The rest of the paper is organized as follows elgtien Il
we present the design of the Automated Dynamic iBgld
Agent. Section |1l depicts experimental resultsleating the
performance of the closing price prediction methodp and
the success rate of the bidding strategies desidoed
different bidding behaviors of the bidders. Sectibh
concludes the paper.

Il. AUTOMATED DYNAMIC BIDDING AGENT-ADBA

The automated dynamic bidding agent (ADBA)
represented in Fig. 1. The bidding agent prediats final
price of the auction in two phases: phase 1 foritiitel
price estimation and phase 2 for the final pricedpstion.
Phase 1 is responsible for the selection of aniaggauction
for participation and assessing the value of theitn the
selected auction. This assessed value appearse anitibl
price during the second phase of the bidding adémise 2
utilizes this initial price in order to predict tHi@al price of
the auction based on different bidding strategiésthe
bidders.

A. Phase 1: Initial Price Estimation

The first phase of the ADBA agent estimates th&aini
price of an auction and is formally consists ofethisteps.
First, similar auctions are clustered togetherkirgroups

based on their price dynamics. Second, an auctwn f

participation is selected by nominating a cluster ¢éach
ongoing auction using a bid mapping and selectcohrique.
Third, the value of the item in the selected aurtie

assessed using machine learning techniques.

1) Cluster Analysisiet ATT be the set of the attributes

collected for each auction thé&d T= {a;, & g} wherej is
the total number of attributes. Different typesaattions are
categorized based on some predefined attributes fre
vast feature space of online auctions. The feaipaee may
include average bid amount, average bid rate, nurobe
bids, item type, seller reputation, opening biadsig bid,
quantity available, type of auction, duration of tauction,
buyer reputation and many more. In this paper,lassify
different types of auctions, we focus on only a sét
attributes; opening bid, closing price, number aflsh

OpenB be the opening bid of th8 auction

CloseR be the closing price of th& auction

NUM,; be the total number of bids placed in tAauction

AvgB be the average bid amount of tfleauction and can

obe calculated ag&wvg(B, B,,.....B) whereB; is the 1st bid

amount,B, is the second bid amount aBdis the last bid
amount for the™ auction.

AvgBR be the average bid rate of tffeauction and can be
calculated as

n

AvgBR= 12

i=1

-B

1+1 |

Lt

i+1 i

1)

whereB,,, is the amount ofi+1)™ bid, B, the amount oi""
bid, ¢, is the time at which(i+1)" bid is placed ang is the
time at whichi"™ bid is placed.

Deciding the value df in k-meansalgorithm is a recurrent
problem in clustering and is a distinct issue fritv@ process
of actually solving the clustering problem. The i
choice ofk is often ambiguous, increasing the valuekof
always reduce the error and increases the compuitspieed.

. The most favorable method to fikdadopts a strategy which
IS balances between maximum compression of the datg as
single cluster, and maximum accuracy by assigniache
data point to its own cluster. In this paper, tatie ofk in k-
meansalgorithm is determined by employing elbow method
using one way analysis of variance (ANOVA) [26].

Once we decide the value d&f k-means clustering
algorithm is used to partition the similar auctidressed on
their characteristics. Given a seh of N auctions
A={a,,a,...a} Where each auction i5-dimensionalreal
vector ATT=[OpenB, CloseR, NUM, AvgB, AvgBR, k-
meansclustering aims to partitioN auctions intck clusters
(k<N) in such a way which minimize the within-cluster
dispersion. The within-cluster dispersion is themsuof
squared euclidean distances of auctions from ttlester
centroid [26].

2) Bid Mapping and Selectiotn order to decide that the
current ongoing auctions belong to which clustee bid
mapping and selection component is activated. Bagetthe
transformed data after clustering and the charatter of
the current auctions, it nominates the clusterefach of the
ongoing auction to select the auction for partitgra

We observe that in 92 of the 149 auctions of ouas,
winner first appear in the last hour of the auctiarich
account for the 62% of the total auctions, conststéth the
late bidding attitude of the bidders recognizedhia online
auction literature [11-13]. Also, clustering hasidied the
auction data into the groups of auctions havingrdisrange
of average bid rateAygBR values. Furthermore, it has been
observed that the value 8fvgBRin 78% of the completed
auctions belong to the same cluster as at the bhegof the
last hour of the auction. So a Bid Mapper and 3$etec
(BMS) algorithm is proposed for selecting the tamection



for participation which maps the ongoing auctionsthe are expected to give more surplus to the biddeosth®
clusters based on thekvgBRvalue in the beginning of the target auctionTA is selected for participation with least
last hour. average bid amount in order to maximize the bidders
surplus. The developed algorithm is presentedgn Zi
Auction

History
K « total number of cluste

I N « total number of auctions

Cnt,«— counts the number of auctions in tHeckuster
AvgBROy, < average bid rate of th&'iongoing auction
MinAvgBR( < minimum average bid rate of the
auctions in the & cluster
MaxAvgBR( < maximum average bid rate of the
auctions in the & cluster
OA«—set of auctions in thé"lcluster
AvgBG — average bid amount of the auctions in tffe k
cluster
TA < target auction for participation
AvgEr, < average bid amount of the target auction

-———— - —— - ——— - —_—— - ———

AVgETA<— 0,'
TA— 0,
for i 1toN{ Il Check all the auctions.
Cnf < 0//Init variable that counts the auctions
e in a cluster.
for k< 1toK{ // Loop to check all the
clusters.

Il Check if the value is in range of the cluster.
if (MinAvgBR(G < AvgBROA< MaxAvgBRE) {
OA( — OAU OA; /I Add the auction to
the current cluster.
e Cnt =Cnt+1; // Increment the cnt.
if (AvgBOA< AvgBQ){ //compare with th
cluster min.
AvgBG = AvgBOA; //new cluster min.
Ylend if

Final Price Prediction

Dynamic Bidding Agent
if(AvgBra = 0 OR AvgBE< AvgBra ) {
AvgBr, = AvgBG,
TA = OA; /| Target auction.
Ylend if
Y/ end if
Fig. 1. Automated Dynamic Bidding Agent }//forltoK
} /lforl to N

Given a set of ongoing auctionr®@A= OA U OA
U....... U OA where OA =[OA;;, OA,....... OA 1, OA is
the set of ongoing auctions belonging to iflecluster ,
i=1,2,....k wherek is the total number of clusters ands
the total number of ongoing auctions belonging te it" 3) Value Assessmentfhe value of the auctioned item in
cluster, BMS algorithm selects a subseO# if AvgBn <  the target auction is assessed by predicting theing price
AVgBG, whereAvgR,is the average bid amount of th  of the auction. The closing price prediction of thection
auction ink” cluster andAvgBGis the average bid amount helips bidders in setting the true value of the igerd in turn
of thek”" cluster. finalizing their maximum valuation of the auctionédm.

The target auctiofTA is selected which gives maximum The closing price prediction task is treated byigshultiple
surplus to the bidders. Surplus is the biddersirmst by  regression technique [26] .
winning an auction at a price lower than its presticclosing
price [23]. The auctions with the lower averags &inounts

Fig. 2. Bid Mapper and Selector Algorithm (BMS)



B. Phase 2:Final Price Prediction

bids) in the auction. Bidders update their bida atrticular

The second phase of the ADBA agent predicts thal fin moment in time based on the other's bids [27]. Witien

price of the target auction by designing biddinmatslgies
for the bidders. These bidding strategies are desidased
on the output of the first phase for the biddersspessing
different bidding behaviors. The bidding behavierkich
depend on both the single or multiple bid placemetd
the time of bid placements are used to determiee/éious
types of bidders (Fig. 3). The bidders who plasingle bid
are identified as Mystical and Sturdy bidders. Mhstical
bidders place a single bid in the closing momelatst five
seconds) of the auction and tBeirdybidders place a single
bid in the last five minutes of the auction. Thddgrs who
place multiple bids in the last hour of the auctiare

previous offers placed by other bidders (competiiatg) are
higher and rate of change of bids is higher, tidelé& makes
higher bids with more bid increments to win the taurc
indicating increased competition (Fig 4). In aduiti
remaining duration left till the auction closure asother
important factor which affects the competition ihet
auction. The bidders make quick decisions towarus @&
the auction due to the time pressure. Time pressure
increases arousals and the bidders bid beyond|uméis as
end point approaches, when there is little time[RS]. This
augments the competition amongst auction partitipdrhe
competition increases as the remaining duration ¢éf

identified asStrategic bidders and these bidders increaseduction decreases (Fig. 5).

their bid amount strategically, based on the bideqd by
the other participants.

Bidding Behavior

Multiple bids
Placement

Single bid
Placement

Fig. 3. Types of Bidders

These bidders commonly exhibit two types of behavio

firstly, they may be desperate to win the item, aedondly,
they may be willing to bargain for that item. Thelders
exhibiting these behaviors are designated\rmbitiousand
Sophisticatedidders respectively.

The bidding strategies are designed for
aforementioned bidding behaviors of buyers. Thepse of
designing these bidding strategies is to deternhiow to
compute bid amount at a particular moment of tiffileis
bid is the maximum value that an agent is williogpay at
that particular moment in time. An agent negotiates
value based on bidding characteristics such asioalsct
attributes, bidder's own attitude and other biddattitude.
Auctions’ attributes has been considered while igted)
the initial price of the auction during the firdhgse of the

ADBA agent. Now we compute bid amount at a parécul
moment in time using bidder's own attitude and bpthe

bidder’s attitude. We consider main two types afdeir's
attitude towards achieving the goal; desperate db tige

auctioned item Ambitious bidders) or he has a desire of

bargain to get the itenSpphisticatecbidders). Ambitious
bidder starts with higher bids to maximize its atesto win
the auction, on the other han8pphisticatedbidder starts
with lower bids and slowly increments his bids tos&its
maximum willingness to pay near to the closing momef
the auction.

Other bidders’ attitude is used to assess competiti
the auction by exploiting their previous bids (catipg

the

Competition

Competing bids

Fig. 4. Competition versus competing bids

Competition

Remaining duration

Fig. 5. Competition versus remaining duration

The bidding agent models the bid amount based en th
initial price @) and using Mamdani's Method for fuzzy
relations and compositional rule of inference fesidning
bidding strategies of buyers [25]. The bid incretrfen the
auction is calculated based on the competitiomimaction
and the bidding attitude of different bidding beioavof
buyers (where bid incrementl®) is the amount by which
the bidder raises the current bid (initial ig). We assess



competition which depends on remaining durationthaf

auction and the previous offers made by other ancti g:@ssnﬁ
.. . . . consequence

participants and then bid increment is calculated f = g D isAP’
different bidding behavior of bidders. premise-1

1) Competition assessmeritet C is the competition » IFcisCandeis E THEN >
having fuzzy set of values as,G,........ ¢, D is the pis4P
remaining duration having fuzzy set of values as
dy,d,........ ¢d and B is the competing bids having fuzzy set
of values by,b,,........ k. According to Mamdani’'s Direct conversiol
Method [19] we can find adaptability no. of rulesw, is C and v
Wa,....... w as follows ¢ 'z is Sn

fuzzy relation pisdp’
wi=pdy(D) V pby(B)
Wo=[dx(D) V ul(B) Reand e 4P

Wr=pdn(D) V pbn(B)

A 4
v

Fig. 6. Fuzzy reasoning by using fuzzy relationd the compositional rule

Then the competition is assessed for each rulellasve of inference
pc'y (C) =wy V' pg According to Mamdani’s Method for fuzzy relationsda
puc, (C) =w, V' UG compositional rule of inference the rubeand ¢— py is

........................ described by

e’y (C) =w, V G, (;el (E) Oie, (c) D,ka(AP)J

These rules are aggregated for the final compamtitio R= I ( C AP) 4)
evaluation ExCxAP EC,

,uc(C) = ,ucl(C) D'“C'Z (C) Do, U uen (C) The conversion refer to (4) is based on Cartesiadyzt

(2) suchas

Definite value of the competition is found by appty eandc, — p_=e Oc, Op

center of gravity of the fuzzy set refer to (2faltows ! J ko J k (5)
The conversion by using membership value form is
C = [ uc(c)ede /[ pe(C)de (3) given as follows

,UR(EvQAP) =15 (E) Uy (c) Doy (ap) (6)
2) Bid determination: Now we calculate the bid

increment AP for the auction based on the attitude and Forn number of rules, the compiled fuzzy relatiBris
assessed competition by applying Mamdani’'s Methad f given as
fuzzy relations and compositional rule of inferencet AP

n
have the fuzzy set values psp,,........ B, E is the attitudes R=RORy 0. OR,=UR 7)
having fuzzy set of values as,e;......... ¢ and C is the i=1

competition having fuzzy set of values@g,, ........ G

For the input of fuzzy set&’ on E andC’ on C, the

) . i ) output fuzzy settP’ on4P can be obtained as follows
Here, premise 1: IFcisCandeis E THEN p itP

premise2: cisC andeis E’ AP = (EandC’)oR=E'o(C'oR)=C'o(E'-R) (8)
consequencep is4P’
Bid amount for the auction is calculated as

whereC, C', E, E’,4P and4P’ are fuzzy sets. As per the
mechanism of fuzzy reasoning, we infep'is 4P’" when
the condition "c is C’ and e is E" is given for the rule TF
cisCandeis E THEN pi".

Using fuzzy relations approach, we first conves ti-
THEN rule inpremise 1linto the fuzzy relatiomRc ang - 4p-
Then by applying compositional operation, we infer
conclusiondP’ from the fuzzy relation&c: anq - 4p @nd the
condition 't is C’ and e is E’ of premise ZFig. 6).

Bid _ Amount= p; + AP’ 9)

The fuzzy seE' depends on the selected bidding strategy
for the bidding agent. The ambitious bidders halveags
higher attitude to win the auction than the sojptased
bidders because the ambitious bidders are despterajet
the item. Accordingly, the fuzzy sEt is described such that
E is high for ambitious bidders and low for soptoated
bidders. However, the sophisticated strategic bildeave



higher attitude to win the auction as compared He t
mystical and sturdy bidders of similar type,B@s also high
for sophisticated strategic bidders.

I1l. EXPERIMENTS

Rule 4: IF attitude of agent to win the auctiorEjsAND
competition in the market for that products

THEN the bid increment will bB;

These fuzzy sets represent the linguistic varialades

The performance of our bidding agent is assessed Hpllows: attitudes low a&; and high ags,, competition low
undertaking an empirical evaluation of the autowmhate asC; and high asC,. P;, P, andP; are the bid increments

dynamic bidding agent (ADBA) in two steps. Firshet
methodology for the initial estimation is validatednd
second, the bidding strategies for different biddiehaviors
of bidders are evaluated.

A. Initial Price Estimation

In the initial price estimation phase, an ongoingt®n is
selected for participation and its closing pricepigdicted.
This estimated price acts as the initial prigg for designing
the bidding strategies of bidders.
participation is selected based on the bid mapmngd
selecting technique. The closing price of the seteauction
is predicted by exploiting the clustering basedraaph [26].
In the proposed approach, the closing price of alin®
auction is predicted in two scenarios: first, bypleiing
multiple linear regressions on whole input auctitata, and
second, by exploiting multiple linear regression each
cluster generated by applying themeansalgorithm on
whole input auction data. The results are evaludigd
comparing the root mean square errors (RMSES) ih bb
these scenarios. Experimental results demonstraeerf
RMSEs for the prediction results when multiple &ne
regression is applied on each cluster rather thamvioole
input auction data [26].

B. Evaluating the bidding strategies

Final price of the target auction is predicted lgidning
bidding strategies for different bidding behaviof the
bidders using fuzzy reasoning techniques.

The bid

based on the characteristics of the auction, wRgrB,>P;.
We assume that the set of attitudes for buying itety as
E=[e1,&,63]=[0,0.5,1.0] and set of competition for the good
in the market a<C=[c1,6,,c3]=[0,0.5,1.0]. The fuzzy sets
used in the preceding four rules can be quantizeshawn
in Fig 7.

E;=[1.0,0.5,0] C1=[1.0,0.5,0]

E,=[0,0.5,1.0] C2=[0,0.5,1.0]

R=[1.0,0,0]
R=[0,1.0,0]
R=[0,0,1.0]

The auction for

E2 1 Cl C2

0P P P

Fig. 7. Fuzzy Sets for the Bidding Logic

increment 4P) for the bidders is calculated based on the

bidding attitude of different bidding behavior afiyers and
the competition in an auction. The performance fé t
bidding agent is compared with the classic modethef
bidding agent in which the bidding attitude of hidsl

dominates over the competition in an auction whilet

calculating the bid increment.

To computedP, the linguistic variables for the bidder's
attitude and competition assessment are choseis@ssed
in section Il. The bidding strategies are analyzegd
considering following set of rules for logic usimgrious
fuzzy sets.

Rule 1: IF attitude of agent to win the auctiorei{sAND
competition in the market for that producOs
THEN the bid increment will bB;

IF attitude of agent to win the auctioreisAND
competition in the market for that productGg
THEN the bid increment will bB,

IF attitude of agent to win the auctiorejsAND
competition in the market for that products
THEN the bid increment will bB,

Rule 2:

Rule 3:

The competition for these bidding strategies iesssd
based on the remaining duration left and the bidsaal by
other participants (competing bids). As the bidding
strategies select bids based on its own attitudeedisas on
he bids placed by the other participants, thesategfies
will be successful when the bidder has a desirbatgain
behavior. So in this set of experiments, we wiladiss the
performance oSophisticatedagents which act strategically
based on the bids placed by the other participants.

For each rule given above, fuzzy relatiof&l,(R2 R3
andR4) are constructed using Mamdani's method for fuzzy
relations and compositional rule of inference. Rkhown
as in Fig 8 and the total fuzzy relation R is giesnin Fig 9.

The output fuzzy setP’ on 4P is calculated for different
bidding strategies of bidders using input fuzzys§€ton E
andC’ on C by applying Mamdani’s compositional rule of
Inference for different levels of competition (Iawmd high).

A definite value of the bid increment is calculatbg
defuzzifying4P’ using a center of gravity with the weighted
mean method.
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Rouccess@nd Uey, Of Bidder, and Bidder, agents with
different bidding behaviors are averaged over austiwith
varying bid rates. As can be seen from the TabRidder
with mystical, sturdy and strategic behavior outtpen the
classicBidder, agents with mystical, sturdy and strategic
behaviors respectively with respect to Big.cess aNdUeyp

TABLE I.
SUCCESSRATE PERCENTAGE ANDEXPECTEDUTILITY COMPARISON OF
BIDDER AGENTS

MP1(p)

Bidding
behavior

Success rate %age
Bidder Biddep

Expected utility
Bidder Bidder

Mystical 41.67 8.33 0.2 0.002

Sturdy 83.33 8.33 0.51 0

41.67 16.67 0.17 0.002

Strategic

HP1(p)

Fig. 8. Fuzzy relation for the fuzzy rule R1

1.0 05

05 05

05 10

05 05

1.0 05 0f(o0

0.5

1.0

Fig. 9. Total fuzzy relation R

The fuzzy bidding strategies are assessed in differ
bidding environments of varying bid rates of aucsioLet
Biddenr be the fuzzy bidder agent designed in sectiomdl a

Bidder be the classic model of the bidder agent. Thesél

bidders with varying bidding strategies competeragjaone
another for each type of auction separately. Tleess rate
percentage and the expected utility of the biddiggnts are
used as the performance measures.

Success rate percentag&sgecess= I'success 100

wherergycces€ the success rate angkcesss Nuwin / Notal
Nuin be the number of auctions won by the agentMggbe
the total number of auctions.

Expected utility=Ueyp = Uyin * I'success

whereU,;, be the utility of the winning agents akl;, =

(pr-vi)/p: , where p, be the reservation price (maximum
willingness to pay) andg be the winning price of the auction.

IV. CONCLUSIONS

In this paper we presented an automated dynamatnigd
agent (ADBA) using fuzzy reasoning techniques teisas
bidders in making decisions by designing biddimgtspies
as per their bidding behaviors. The bidding ageimharily
performs three tasks; first, it decides which aurcto bid in,
secondly, assesses the value of the item in thecteel
auction, and finally, models the bid amount for igeg
bidding behavior of the bidders. Auction selectamd the
value assessment adopt a clustering based bid ntpppd
selection approach. The ADBA agent forecasts tinal fi
price of the selected ongoing auction by designihg
bidding strategies based on the bidding behaviorthef
bidders. Bidding strategies are designed using tiéaui's
Method for fuzzy relations and compositional rulé o
inference. The ADBA agent that preserves a balance
between the bidding attitude of the bidders and the
competition in the auction outperforms the classmdel of
final price prediction in terms of their succesterand the
expected utility. Also, the improvement in the emeeasure
for each cluster gives support in favor of the psEd
clustering based bid mapping and selection approat¢he
value assessment of the item.
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