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Abstract

Information e-marletplacesnableentitiesto buy

andsellinformation;thesebuying andselling enti-
tiescanbe humanspr automatecgentshatrepre-
sentthem. In this paper we analyzethe character
istics of informatione-marletsandthe behaioral

characteof the autonomousgentghatoperaten

thesemarkets. We describefour desirablecharac-
teristicsof informationsellers’utility, andpresena
specificdefinitionof utility thatexhibitsthesechar

acteristics.

We continueby addressinghe bandwidthproblem
thatsellersfacedueto buyersandsellersthat per
form price sniffing. We shaw thatthis arguesfor a
systenthatincludesmiddle-agentalongwith buy-
ersand sellers. Furthermore sellersand middle-
agentscanprotectthemselesfrom the costsasso-
ciatedwith multitudesof requestdor price quotes
(RPQs) by establishinga fee for thoserequests.
This forces buyers and sellersto considermore
carefully what pricesaretruly importantto know,
which in turn leadsto the introductionof intelli-
gentagentghatwill decidewhenit is profitableto
look for additionalprice quotes.

1 Introduction

This paperfocuseson a specifictype of electronicmarket-
place theinformatione-marletplacewherethecommodities
beingboughtandsold consistprimarily of informationsuch
asthatfoundin books,CDs,journalsandmagazinesSuchin-
formationmarketsposechallengingguestionsegardinghow
to deal with information, how to sell it, and how to price
it. Informationis differentfrom regular commoditiessince
it doesnot needto have a single physicalembodimenti.e.,
it canbe duplicatedat virtually no cost),andthe sameinfor-
mation can be presentedn variousdigital formats(i.e., the
samecommoditycan have multiple instantiations}. Infor-
mationcanalsobe decomposethto smallercomponentspr

For example, printed information can be representedn PDF,
PostscripteBookor ePaperformats,audioinformationin WAV or
MP3 formats,and video informationin DVD, streamingvideo or
AVI formats.Sinceelectronicinformationis easilyduplicated spe-
cial copyright protectionmay needto be considerede.g.,seework

amalgamateahto largercollections,in which peoplemaybe
interested.Operatoranight be appliedto informationmod-
ules,creatingnew productshasediponbuyers’request®r as
new productsuggestionso buyers.

In informatione-marletswith pricequotefees,sellersmay
be overwhelmedy the numberof “requestfor price quotes”
(RPQs)coming from buyerswho want to compareprices,
andfrom sellerswho wantto beupdatednthecompetitions
prices.In thispapemwe addresshisdifficulty, andexamineits
influenceboth on the agentghemselesandon the behaior
of prices. The sellersdefendthemselesfrom the burdenof
handlingmultitudesof price quotesby chaging agentsthat
wantto geta quote. In our model, buyersthat performthe
transactiorasa resultof the price quotegetthe price quote
feereturned.n suchane-marlet, buyersneedto consideithe
potentialvalue of the sellers’ price quote,andhow muchit
will increaseheir utility. Sellersthatuseothersellers’prices
in orderto settheir own priceswill have to considerthe de-
sirablefrequeng of performingthoseupdatesFurthermore
sellersneedto considelif they needessentiallyperfectinfor-
mationaboutothersellers’prices,or whethemartialinforma-
tion is sufficient.

In additionto thetechniqueof associating fee,sellerscan
handlethe multitude of RPQsby delggatingthis role to an-
other agent: the middle-agent. The middle-agentjike the
InfoCenteragentthat Yarometal. presentedh [Yarometal.,
2004, canhandlethe transactiorwith buyers.In this model,
sellerswill haveto selltothemiddle-agentwhichwill reduce
the numberof requestgo sellers. The InfoCenterwill have
to be preparedo handlebuyers’ requests.Both sellersand
InfoCenteramaychageafeefor theRPQsin orderto reduce
thenumberof pricerequests.

Section2 presents detailedinvestigationof the dynam-
ics of thesemarketsincluding InfoCenteragents We lay the
groundwork for simulationsin Section3, followedby the ex-
perimentsaandtheirresultspresentedh Sections and5. We
concluden Section6.

2 TheModd

We used[Yarometal., 2009 modelfor informationmarket-
placesthat contain sellers,buyers, and Information Center

by [Ketchpeletal., 1997); in this paper we assumehatthe copy-
right issueis handledby the marketplace.



agentgInfoCenters)InfoCentersaresoftwareagentshatact
asinformationintermediariesandcanreside for example,in

a library, at a portal Web site, or at a site that answerauser
guestions.

Yaromet al. [Yaromet al., 2003 shavn that by extend-
ing themarketplacemodelproposedn [Kephartetal., 2004
with automatedgentghatsene asmiddlemerandinforma-
tion ServiceProviders,we achieve a marketplacewhereall
participantsobtainanincreasein their utility. The profit of
eachparticipantin the market was positive and higherthan
in marketplacesvith no InformationCenters.Moreover, our
previous resultsindicatedthat the addition of Information
Centeragentgo aninformatione-marletplaceeadsto a de-
creasean price-wars,andthereforeto a morestablemarket.

In generaljnformationcommoditiesareofferedby S sell-
ers,andmay be boughtby ary of the B buyers(we assume
B >> S). Eachbuyergeneratepurchaserdersat random
times,atarateof py, while eachsellerresetshis priceatran-
domtimes,atarateof p,. Theworth of agoodto abuyerb
is representetby the value V4. The costof productionfor a
sellers is Cs.

In this paperwe considertwo specificaspect®of informa-
tion marketplacesandtheir effectson the designof trading
agents.Our resultsfurther emphasizeahe desirability of in-
troducing middlemenagents,suchas InfoCenters,into the
marketplace.

First, we focus on the automatedrading agents’ utility
function design. We analyzethe impactthat different util-
ity functionsimplementedoy automatedagentscould have.
A discussiorof thesechoicesis followed by a desiderataf
four propertieghatautomatedellers’,buyers’,andinfoCen-
ters’ utility shouldhave. Thosepropertiesaredesirablevhen
determininga utility functionto properlydescribehe perfor
manceof sellers,buyers,andInfoCenters.We thenanalyze
aspectof the automatedsellers’and buyers’ behaior when
theseagentsarerequiredto handlerequestdor price quotes
(RPQs)at differentloads. Our resultsshav thatstrateically
designingautomatedsellersand buyersleadsto betterhan-
dling of the RPQswhenan additionalfee is chagedfor ob-
tainingthesequotes.

2.1 Desderatafor Automated Trading Agents
Utility Function

Seller’s Utility
We areinterestedin understandindhe effect that different
utility functionsmayhave on sellers’stratgic behaior in an
information marketplace. Since Information Centeragents
playtherole of sellerswhenthey offer new informationprod-
uctsto buyers,this analysiswill alsoshedlight on how Info-
Centeragentsshouldbe designed.

In asimplee-marletthatcontainsS sellersand B buyers,
assumingB >> S, asimpleandreasonableitility function
for sellers is thefollowing:

(1) Us(t) = Tprofit,(t) whens € S.
Theproblemwith utility function(1) is thataslongastime

t increasesutility increasesaswell. We would preferthat
for a large enoughtime periodT', we would have, for each

t1,t2 € T, thatU,(t1) = U,(t2). Forsimplicity of analysist
is desirableo manipulatdime-independenttility functions.
Thatis, we would preferto be ableto arrive at conclusions
regardingthesellers'utilities thatarenotdependenbntime ?

Therefore we might consideran alternatve utility defini-
tion (2):

() Uy(t) = Z2rofit-) \whens € § andtrans,(t) is the

transs(t)

numberof transactionperformedby sellers.

This function’s weaknesss thatit is not monotonicin to-
tal profit. A utility functionis considerednonotonicin to-
tal profit if the utilities of differentsellerscanbe compared,
andthis comparisorteachesiswhich sellers profit is higher
Utility function (2) considerghe averageprofit and not the
total profit, andthereforeit cannotbe monotonicin thetotal
profit.

The following exampleprovidesa clarifying explanation.
Assumea marketplacethat consistsof two sellers,one hun-
dredbuyersandasingleinformationcommodityl; . Thecost
of thiscommodityis zerofor bothsellers.Thebuyersaredis-
tinguishedasfollows: 50%o0f thebuyerscomparepricesprior
to their purchasesandthe other50% of the buyerschoosea
sellerin arandomway. The informationcommaodityhasa
valueof onefor eachbuyer Assumethatsellers; sellsI; at
afixedpriceof 0.5andsellers, sellsit atafixedpriceof 0.75.
Evaluatingthe market after 1000transactionshawvs thatthe
50 buyerswho areprice competitive buy I; from thecheaper
seller(s1) andthe other50 buyersbuy half of thetime from
sellers; andtheotherhalf of thetime from sellers,. All the
sellersperformatransactioratthesamerate(p,). Therefore,
after1000transaction500transactionsvill be performedby
the 50 price comparatie buyersand the other 500 transac-
tionswill be performedby the other50 buyers.Sellers; will
performthe500transactionsvith the pricecomparatie buy-
ers. The 500 transaction®f the buyersthatdo not compare
priceswill besplit betweerthetwo sellers, 250to each.As a
result,sellers; will perform750transactionsyhile sellerss
will perform250transactions.

The utility of seller s; according to (1) is

Us(f) = Xprofit,, = 750 x 0.50 = 375 and according
. . (2) _ Xprofits _ 750%0.5 __
to (2) the utility is Us,” = transsll = T0:05 _ (5

Similarly, the utility of sellers, accordingo (1) is 187.5 and
accordingto (2) the utility is 0.75. Hence sellers; attainsa
higherprofit thans-, but it alsoattainsalower averageprofit
thansellerss’s averageprofit. Anotheroptionto consideris
theutility function(3):

() U, (t) = Zerefits) \whens € S andtransg(t) is the

Ltranss(t)
total numberof transactionperformecby all the S sellers.

Using the example above, the utility (3) of sellers; is
Us, = B90,50 — (.75, andthe utility of sellers, is 0.375.

2

2This seemdik e a particularlyreasonablessumptiomwith digi-
tal productswhosesaledoesnotfree up shelfspace.
3We assumehatthis informationis availablein the marlet.



Furthermorethe utility remainsthe samefor any numberof
transactions.

From the above analysis,we suggestthat there are four
propertiesve would like automatedsellers’ utility functions
to have:

1. Timeindependence- for alargeenoughperiodof time
T, for eacht1,t2 > T, U(t1) = U(¢2).

2. Monotonicity in the profit — the profits of sellerscan
be comparedthatis, if the profit of a sellers; is higher
thanthe profit of asellers,, thenUs;, > Us,.

3. Monotonicityin the transaction— if sellers; hadper
formed more transactionswhen comparedto another
sellersq, andfor eachtransactiorof sellers, thereis a
transactiorof sellers; thatyieldedthe sameprofit (i.e.,
profit = price — cost), thenUy, > Us,.

4. Normalization— if the pricesof atransactioraregiven
by avaluep € [0, 1], thenfor every constania > 0 the
utility valueswill beU € [0, a.

It canbe shavn that the utility function presentechbore
in (3) follows the four desideratdor sellersaswell as for
InfoCenteragentsn aninformationmarketplaceasdescribed
here.In this paperwhenwereferto theutility functionof the
sellersor the InfoCenteragentsve meanthe utility function
specifiedn (3).

Buyer’s Utility
The utility of buyerb attimet, afterit hasboughtr products

ataprice P andcostC isUp(t) = v— ’jt(:z(;iBth)) when

transg(t) is the total numberof transactiongperformedby
the B buyersattimet. v denoteghevalueof onecommodity
for thebuyer We assumehatall basiccommoditiehave the
samevalueof 1. A newly-producednformationproductwill
have a valuethatdepend®n the informationcontentof this
new product.For example,if a new informationproductwas
createcby combiningtwo basicinformationpiecesthenthe
new productwill have avalueof two.

The samepropertiesdesirablefor the sellers’utility func-
tion arealsodesirablefor the buyers’ utility functions:time
independencenonotonicityin the profit, monotonicityin the
transactionsandnormalization.

2.2 Handling Price Quotes

In an information marketplace,buyersand sellerscan gen-
erally comparepricesautomatically This comparisonaids
buyersin finding cheapersellers,andit aidssellersin set-
ting more competitive prices. Neverthelessaskingfor price
guotesandrespondingo requestgor price quotesmposean
additionaloadonagentsactingonbehalfof sellersthisaddi-
tionalloadneedgo be consideredtthe designstageof these
agents.

In practice,this additionalload causessellersto increase
their bandwidth.Noticethatanincreasen requestdor price
guotesdoesnot necessarilyincreasehe numberof transac-
tions,especiallyin casesvheretherequestsomefrom other
sellersthatarelearningaboutpricesin the market. In these

casessellerswill justsuffer from highercosts.We now con-
siderthe impactof taking into accountthis load while de-
signing stratgic behaior for automatedsellersin informa-
tion marketplaces.

We first define the numberof price quotesthat sellers
may have in an e-marlet composednly of sellersandbuy-
ers. The sellerscan receve RPQsboth from buyers and
from other sellers. Therefore,the load of price quotesfor
asellers is givenby load; = extra_loads + transs when
extra_loads(t) = ExReqp(t) + ExReqs(t). loads denotes
the total load that a seller s has,which is a combinationof
the RPQsinitiated by buyersthat performtransactionswith
sellers (trans,), andotherRPQs(extra_load,).

As we assumedn our model, thereare B buyerswhich
performa transactiorat a rate of p,. Therefore the proba-
bility for oneof the buyersb € B to performa transaction
is pp = Xppp. Eachw; in thevectorw (W = (wy, .., wy))
standdor thefractionof buyersthatcompare prices.Thus,
the probability thata buyer that performsa transactiorwill
approacha selleris 7 Wi i 4 The probability that buyers
will approachisellerfor aprlcequoteandwnl not perform
thetransactior(will chooseoneof theotheri — 1 seIIers)is
(1—1). Therefore ExReqp(t) = pp B jw; (1 —1).

WestatedhateachseIIerperformsaprlceupdateattherate
of ps, andpd = X,z ps. We definez"t = (xg!, - i),
wheneachz;* denotesthe fraction of sellersexcluding s
thatcomparei priceswhensettingtheir price. The number
of price quoterequestshata sellers; obtainsfrom the other
sellersattime is: EzRegs, (t) = p§ (S — )20 28" 515

Two ways in which sellerscan handlethe load of RPQs
recevedare: (1) by chagingafeefor providing apricequote,
and(2) by approachingnintermediateagenthatwill handle
thebuyersandtheirrequestgor pricequotes.

If the seller choosegso chage a fee for getting a price
quote,thenthis will leadto a new informationeconomy In
thiseconomysellersandbuyersconsidethebenefitof know-
ing the sellers’ prices. For example,assumehat thereis a
buyerthatwantsto buy a book andit is willing to payup to
$50for it. Assumethatthis bookis beingsold at pricesin
the rangeof $29.99- $34.99,andthat gettinga price quote
costs10 cents. Then,comparingl0 sellers’priceswill cost
thebuyer$1,whenthepotentialsazing is $5($34.99-$29.99)
ThereforecomparinglO sellerscanreduceoverall spending,
but comparingthe pricesof 100 sellerswill not (it costs$10
whichis morethanthepotentialsaving). Moreover, sincethe
buyeris willing to pay $50 for this book, then maybepay-
ing $29.990r $34.99is not thatsignificant. In this paperwe
study this problemby implementingan intelligent buyer in
Section2.3.

Anotherpossibility by which sellerscan handlethe costs
of the requestdor price quotesis by interactingwith inter-
mediariedik e the InfoCenteragentsn additionto the buyers
in the market. We introducedthe notion of intermediariesn
informatione-marletsin [Yaromet al., 2003. Theselnfo-
Centeragentsannot only buy andsellinformation,but also

“The probabilitythatsellers will beoneof thei sellersthatthe

buyerwill approactoutof all thepossiblei sellersis (5-) /(5) =

i

5"



can procureand sell manipulated(i.e., processedjnforma-
tion.

The benefitof a full-fledged economyis that sellerswill
needto interactmostly with InfoCenters,and in that way
they will reducetheloadof handlingRPQs(thatwill beman-
agedby the InfoCenters) Buyerswill buy from InfoCenters,
which will needto be preparedo handlethemandtheir re-
guestsFurthermoresellersandinfoCenterscancollectafee
for RPQsjn orderto decreas¢éhemotivationto performprice
sniffing.

The sellercanpredictits expectedoad by computingthe
functionload, = extra_load, + trans,.’ Thesellercanuse
this informationwith the costof supportingsuchbandwidth
(e.g.,seners)andto seta fee to cover someor all the costs
of supportingit. Furthermorejf the sellerswork only with
thelnfoCentersthentheirloadwill bereducedy ExReqg.
SinceB >> S, thisis thesignificantpartof theload. In other
words,moving from a buyersellereconomyto a full-fledged
economywith buyers, sellers,and InfoCentersreducesthe
load of sellers’price quotessignificantly The InfoCenters,
on the otherhand,will have to recoupthe costof handling
thebuyers’'requestdy usingafee.

2.3 Intelligent Buyersand Sellers

Agentscan benefitin information marketswith price quote
fees,if they considemwhich pricesareimportantto know. In-
telligent buyers can considerthe potentialincreaseto their
profit of obtainingadditionalprice quotes.Intelligentsellers
andintelligentInfoCenterscanconsidertheincreasdn their
profit whensettingtheir price by knowing the othersellers’
andInfoCenters’prices.Therestof this sectiondescribeshe
behaior of the intelligent buyersandthe intelligent sellers
andinfoCenters

An intelligent buyer needsto choosebetweenperform-
ing the transactionwith the pricesthat are currently avail-
ableto it, or askingfor additionalprice quotes. We should
rememberthat if a transactionis performedwith a seller
from which an RPQwasrequestedthenthe fee s returned
to the buyer Therefore,in the beginning, beforethe buyer
has ary price quotes,it choosesa seller randomly and it
asksfor a price quote. If the buyer hasat leastone price
quote thenit will look atthevalueof v — (minpyice) (Where
minprice=Minimumpriceavailableandv is thebuyer'svalue
of theinformationproduct).If thisvalueis largeenoughthen
the buyer will performthe transaction. The buyer canrely
on its experienceto decidewhat valueis big enough. Ad-
ditionally, when the buyer has more than one price quote
(i.e., num(quotes) > 1) it cantry to guessthe potential
profit of requestingnadditionalpricequote. Thebuyercom-
paregthe potentialincreasen its profit by askingfor anaddi-
tional pricequoteandthe RPQ’ fee usingthefollowing rule:

MAaTprice —MiNprice
num(quotes) > fee.

5In reale-marlets,the sellercanusethe historylogsfor predict-
ing the expectedoad.

5This reasoningaboutwhento explore priceshasmary similar-
ities with the notion of metaeasoningandexploration vs. exploita-
tionin theAl literature;seefor example [Russellandwefald, 1991;
CarmelandMarkovitch, 1999.

Intelligent sellersandintelligent InfoCentersfacesimilar
problemswhendecidinghow to handleRPQs. We explain
this for sellers;the samereasoningappliesfor InfoCenters.
Theproblemthatsellersneedto handleis to decidewhenthe
othersellers’priceswill increaseheir own profit whenset-
ting their price accordingly First, the sellerscanusepricing
algorithmsthatdo not considerthe othersellers’prices,like
GT [Kephartet al., 2000 (explainedbelow in Section3.1)
andDF. If sellersapply pricing algorithmsthat do consider
othersellers’ prices, like MY, thensellersneedto consider
theoptimalfrequeng (p;) of updatingtheir prices.

Sellerscanbenefitevenmoreby usingtheir profit valuein
orderto decidewhento look for othersellers’prices.Sellers
canusethe DF pricing algorithmaslong asthe profit levels
arehigh. Whenthe profit levelsbecomdower thanexpected,
the sellerswill usethe MY pricing algorithmin orderto set
theprice. Thenthey will returnto usingthe DF pricing algo-
rithm until the profit falls again. In thatway, sellersperform
price sniffing only whenthey believe thatthey canincrease
their profit significantly In orderto decidewhatis a desired
pricelevel, sellerscanusethe MY pricing algorithmfor a pe-
riod of time for monitoring profit levels. Sellerscanusethis
profit level asa desiredprofit level value.

3 Simulation Settings

We have empirically testedthe impactof RPQson an infor-
mation e-marlet. Onesimulationconsistsof a seriesof re-
peatedencounterbetweerfinite setsof buyers,sellers,and
InfoCenters.A finite setof basiccommoditiess offeredfor
saleby the sellers. New commoditiescanbe createdby In-
foSPsandcanbesoldby InfoCenters.
SellersandinfoCenteroffer informationproductghatcan
be bought. Each productis initialized with a fixed price.
Eachsellerholdsaninfinite amountof the productsoffered.
The costof producinga basiccommaodityis zero! During
onesimulation,the priceis updatedaccordingto the sellers’
stratgiesatagivenratep;. Thebuyerschooseaseller based
onthe productsthatthey areinterestedn andbasedon their
stratgy (asexplainedbelon). Buyersapproachsellersat a
ratep,. Oncea buyerapproaches seller the transactionis
necessarilyperformedbetweerthetwo.

3.1 Buyers and Sellers Strategies

Buyersneedto choosefrom which sellerthey will buy the
commaodityof interest. We have examinedfour algorithms
that were implementedby information consumergthe first
threealgorithmswerestudiedin asimplermarketby Kephart
etal.[Kephartetal., 200d andin aninformationmarketplace
with InfoCentersn [Yarometal., 2009). Here,we present
new resultsfrom studyingthe effectsof chaging feesfor ob-
taining price quotes. The numbersin parenthesesepresent
thepercentagef suchbuyersin our testedmarket:

1. Compare-All(60%).
2. Compare-Non€10%).

A commoditycreatedafterapplyinganoperatorby the InfoSP
incursanadditionalcost.



3. Compare-tw (20%) — Each buyer choosestwo in-
formation sourcesrandomly and then buys from the
cheapeone.

4. Intelligent Buyer (10%) — This is the behaior de-
scribedin Section2.3.

Informationsuppliersin the marketplaceapply four algo-
rithms for changingthe price of their commaodity (the first
threewerestudiedin asimplermarket [Kephartetal., 2004
and also in a market including InfoCenters[Yarom et al.,
2007).

1. GT (GameTheory)— Eachsellerchooserandomlya
mixedstratey thatis in Nashequilibriumusingthefol-
lowing function p(F'), where F' is a randomvalue be-
tweenthe costc of the commodityandits valuew (in
ourcaseF' € [0,1]). S denoteghenumberof sellersin
themarket,andw; is thefractionof buyersthatcompare

iprices.p(F) =c+ 5 wi*(v_c)

S ixwix(1—F)i-1°

2. MY (Myoptimal) — The seller assumeghat current
known market conditionsdo not changeandit setsthe
price of the commodityit is willing to sell suchthat it
maximizesits short-termprofit. In orderto be ableto
seta price myopically, a sellerneedsknowledgeabout
thebuyers’populationthenumberof competingsellers,
andall of thesellers’prices.

3. DF (Deviate Follower) — The seller keepsincreasing

the price of a commodityaslong asits profit increases.

The sellerdecreasethe price whenits profit dropsoff
a certainamount. The seller continuesdecreasinghe
priceaslongasits profitincreasesWhentheprofit starts
to decreasendhaspassed certainlevel, thentheseller
startsto increasdhe price.

4. DFwWMY — The intelligent sellerand InfoCentermay
useeitherDF or MY asdescribedn Section2.3.

4 Experiments

Thesimulationswve ranexaminedthe effect of chaginga fee
for RPQs. In all of the marketsstudied,thereweretwo ba-
sic commoditiesthreesellers,and onehundredbuyers. We
first studiedane-marletcomposeanly of buyersandsellers.
We comparedhe effectivenesof the differentpricing algo-
rithms. The MY pricing algorithmscomparegpricesin order
to setthenew price,while DF andGT donot. Thereforefwo

differentMY pricing algorithmsweretested onethatpaysa
feefor RPQs(MYF) andonethatdoesnot(MY). In addition,
wetriedto find the optimumof theratesof priceupdategp;)

thatwould minimizethe costsof RPQs.

In addition,we looked at the effect that collectingfeesfor
RPQshasonbuyers.Theutility of buyersimplementingeach
one of the buying algorithmsdescribedn Section3.1 was
compared.

Finally, aswe shovedin Section2.2, InfoCentersreduce
the RPQload of sellers,anddivide the load betweensellers
andInfoCenters.While InfoCentershave taken on the costs
of handlingthe large numberof RPQsrecevedfrom buyers,
we considerwhetherthey still remainprofitablewhenthey
payafeefor providing RPQs,andwhenthey do not.

DF GT MY MYF
DF 046 0.46| 0.14 0.34| 0.25 1.03| 025 1.02
GT 0.15 0.09| 0.09 0.09| 0.05 0.15|0.05 0.14
MY 046 0.09| 0.15 0.07| 047 0.47]|0.47 0.46
MYF | 0.45 0.09| 0.14 0.07| 0.46 0.47| 0.46 0.46

Tablel: Thesellers'profit whenthefeeis setto 0.1 (theleft
valueis of the singleseller andtheright valueis of the two
othersellers)

1/ps U(S) | U(S) wlfee | pricing U(IC)
5 0.38 | 0.27 DF 0.34
10 0.41 | 0.29 GT 1.64
15 0.44 | 0.32 MY 1.48
20 0.44 | 0.33 MYF 1.47
25 0.45 | 0.33 DFwMY | 0.28
DFwMY | 0.50 | 0.48 DFwWMYF | 0.27
Table2: All sellersapplyMY
5 Results

First, we discussthe effects that paying feesfor RPQshas
onthesellers’profit. The DF andthe GT pricing algorithms
do notcompareorices,while theMY pricing algorithmdoes
comparethe prices. As canbe seenin Table 1, sellersgain
thehighestprofit whenusingthe MY pricing algorithm(1.03
whennot payingfees,and1.02whenpayingfees). This be-
havior canbe seeneasilyin thetable,exceptin the caseof 3
DF sellersthatgain 0.46,while the 2 MYF earn0.45(in the
configurationwith 1 DF seller). But we shouldnotethatthe
homogeneousasewhereall sellersusethe DF pricingalgo-
rithm, is not stable sincethe sellerwill preferto usetheMY
pricing algorithmin orderto increasethe short-termprofit
(increasdhe profit from 0.46to 1.03in this case).Therefore,
even thoughthe two sellersin the 3 DF caseearnmore as
comparedo 2 MYF (with 1 DF case)(0.46 vs. 0.45), this
configurationis not stable. Furthermore sellerswill ben-
efit from implementingMY or MYF, sinceif one of them
switchesto GT or DF thenits profit will decreasdthe MY
andMYF profitsare0.47 and0.46 respectrely, while mov-
ingtotheGT andDF pricingalgorithmswill changeheprofit
to 0.07and0.09,respectiely).

We examinethe mostbeneficialupdateratio (p;) for sell-
ersthatapplythe MY andMYF pricing algorithms.We can
seefrom Table2 thathigherratiosincreasehe profit of sell-
ersbothwhenthey pay a fee andwhenthey do not. Thisis
becausdrequentprice changeenablethe sellersto settheir
pricesto the optimal price moreoften. Moreover, the intelli-
gentseller(DFWMY) gainsthe highestprofit.

choosing U(B) | U(B) with fee
RandomPicker 0.50 | 0.50
Two SellersPriceCompare| 0.51 | 0.41
All SellersPriceCompare | 0.52 | 0.32
IntelligentBuyer 0.54 | 0.52

Table3: All sellersapplyMY, andthefeewassetto 0.1




We hadquestionsaboutthe profitability of the InfoCenter
sinagit hasto handletheentireloadof thebuyers’RPQs.The
InfoCenterremaingrofitable ascanbeseenn Table2. First,
the InfoCentercancollecta feein orderto getbacksomeof
thecostgfor handlingRPQs.SecondthelnfoCentercanoffer
unigueinformationusingthe InfoSPs’service. In thatway,
theInfoCentercansell thatinformationat higherprices,and
thus handlehigheroperationalcosts. The InfoCentergains
the highestprofit whenimplementingthe GT pricing algo-
rithm, which is a fee-freealgorithm. We assumethatin an
e-marlet with several InfoCentersthe highestprofit will be
gainedwith DFwMY andnotwith GT. We leave confirmation
of this to futurework.

Whenwe examinehow feesaffect buyers’ profit, on the
onehand,we expectthat price comparisorwill increasethe
buyers’profit. As we canseein Table3, the price compari-
sondecreasethe buyers’ profit whenfeesarechaged. This
is becausehe differencein profit is not significant,sincethe
differencen sellers’pricesis not significant(dueto the price
war). As aresult,whensellerscollect a fee for RPQs,the
costof comparingpricesis largerthanthe increasen profit,
thereforebuyersearnthe highestprofit whennot comparing
prices. The intelligent buyer, on the other hand,compares
pricesonly whenit believesthatit canbenefitiromit. Selec-
tive price comparisorleadsthe intelligent buyer to earnthe
highestprofit. Furthermoresincesellersdo not know when
theintelligentbuyerwill compareprices,they mightreason-
ably considerbuyersto always be comparingprices. Thus,
sellerswould not setfixed prices.

The resultsshav that buyersgain morefrom not compar
ing priceswhena feeis used. Furthermore g-marletswith
additionalsellerswill increasehecostof comparingpricesof
all sellers.Thereforejf buyersprefernotto compareprices,
thensellerswill have no incentive to reducepricesandwill
setthe price to bewv. In otherwords,if buyershave no in-
centive to compareprices,thensellershave no incentve to
reduceprices,which will force buyersto think twice about
their decisionnotto compareprices.

6 Conclusionsand Summary

We presentec modelfor aninformatione-marletplacethat
includesinfoCenteragentsasintermediarie®f information.
We extendedvarometal. work [Yarometal., 2003 by study-
ing four desideratdor the sellers’,buyers’andinfoCenters’
utility functions. We definedpotentialcharacteristicef the
agents'utility functions,andpresentedvhy they areimpor-
tant. Furthermorewe defineda utility function thatincor
porateshosecharacteristicsWe continuedby shawving that
maximizingutility is not atrivial task,andtradingsituations
engendebehaior suchasappearsn theprisonersdilemma.
We focusedon markets where requestsfor price quotes
may incur a cost, analyzingthe impactthat thesefeeswill
have on the designof stratgic behaior for automatedrad-
ing agents. We also addressedhe problemof handlinga
large numberof requestfor price quotes(RPQs)by the sell-
ers.RPQscancomefrom buyersthatcomparepricesin order
to find the sellerwith the lowestprice. RPQscancomealso
from sellersthatlook at othersellers’pricesin orderto use

this datawhensettingtheir own prices.We presentwo ways
to handlethis load, first by collecting a fee for eachRPQ
(buyersthat performtransactionget the fee back),andsec-
ond by usingthe InfoCenteragentto handlethe buyersand
thebuyers’RPQs.

We shavedthatassignificantreductionin theloadof RPQs
will occurwhensellersdelgyatethe task of handlingbuyers
to theInfoCenters We foundthatthe InfoCenter evenwhen
it needso handlelarge numbersof RPQs,will remainprof-
itable. Thisis dueto thefactthatit cancollectfeesto recoup
someof the costof handlingthoseRPQs. Moreover, it can
useits capabilitiesto introduceattractve information prod-
uctsthatwill producehigherprofits.

Theidealalternatvein ane-marletwith feesonRPQsis to
implementintelligentbuyers.Intelligentbuyersdecidewhen
comparingpricesis neededandhow mary pricesto compare.
Thussellerswill have anincentiveto reduceprices,while in-
telligentbuyerswill askfor additionalRPQsonly whenthey
areneeded.

The price behaior in an e-marlet with feesfor RPQsis
similar to the behaiior in an e-marlet without fees. The
only exceptionis whennoneof the buyerscompareprices,
in which casethis will leadto a market with price equalto
v (the buyer’s value of the informationproduct). The effect
of addingan InfoCenterto an e-marlet doesnot changethe
behaior of prices.Thebehaior of thepriceof new informa-
tion (which the InfoCentemrmanipulates)s asif the InfoCen-
ter were a sellerholding thatinformation. In this paper an
e-marletwith a singleInfoCenterwasanalyzed.In [Yarom
etal., 2004, Yaromet al. showved that this price behaior
is similar to the one obtainedin e-marletswith several In-
foCenters.As for the price behaior of the informationthat
sellerssell, sincethe InfoCentercomparespricesandresells
this informationto buyers,price behaior remainssimilar to
themarket withoutanInfoCenter
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