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Abstract. In e-marketplaces with limited inventory where buyers’ @@ah is
larger than sellers’ supply, promoting honesty raises rneallenges: sellers may
behave dishonestly because they can sell out all produtiteutithe necessity of
gaining high reputation; buyers may provide untruthfulmgs to mislead other
buyers in order to have a higher chance to obtain the limitedyrts. In this pa-
per, we propose a novel incentive mechanism to promote aungeseller honesty
in such e-marketplaces. More specifically, our mechanismatsdoth buyer and
seller honesty. It offers higher prices to the products jolew by honest sellers
so that the sellers can gain larger utility. Honest buyess bhve a higher chance
to do business with honest sellers and are able to gain latijgr. Experimental
results confirm that our mechanism promotes both buyer dlet benesty.

1 Introduction

In electronic marketplaces, lack of trust and reliabilinstheen frequently cited to be
one of the key factors that discourage buyers from participaA reputation system,
which predicts sellers’ future behavior based on ratingemby buyers, is an effec-
tive way to help buyers to select good sellers [5]. It alsatze incentives for sellers
to behave honestly in order to be chosen by buyers. Howewrgerb may provide un-
truthful ratings to promote some sellers or drive some atk#ers out of the market. To
address this problem, incentive mechanisms, e.g. [6, 8k baen designed to supple-
ment reputation systems, by creating an incentive for Bgeprovide truthful ratings.
One common but perhaps implicit assumption in these répatsystems and incentive
mechanisms is that sellers can provide a large number oluptsdh e-marketplaces.
However, In the real world, e-marketplaces with limitedeéntory exist in many sce-
narios. One example is the hotel booking system for a fammwssm area during a
peak season since booking a satisfactory hotel is ofterdiffie call a marketplace
in which the demand outweighs the supplynarketplace with limited inventory

New challenges are imposed on promoting buyer and sellexdtpim e-marketplaces
with limited inventory. Sellers with limited inventory,\gn that other sellers also hold
limited inventory compared to buyer demand, may behavecinakly in their transac-
tions, by not delivering promised products or reducing thality of delivered products.
Even though their reputation would decrease due to the wegatings from the buyers
cheated by them, the sellers may still be willing to increthssr profit by sacrificing
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reputation, because they may not have as a strong desireintaina very high rep-

utation as in the marketplace where the supply outweighslémeand. Therefore, in
the e-marketplaces with limited inventory, reputatioelit€annot give sellers enough
incentives to behave honestly. Buyers may also have inentd report dishonest rat-
ings. After a successful transaction with a seller, the bky®ws that the seller is a
good seller. If the buyer provides a truthful (positive)imgtabout the seller, then the
buyer reduces her own opportunity of doing business withstker in the future, due

to the limited inventory that the seller has. If the trangacts unsuccessful, reporting
a truthful (negative) rating also reduces the buyer opmitstof doing business with

other good sellers because other buyers will be less liketjotbusiness with the bad
seller but with the other good sellers, after taking the Iosyalvice.

To address those challenges, we propose an incentive nisgh@mpromote buyer
and seller honesty in e-marketplaces with limited inventbr our mechanism, buyer
honesty is measured byrmrmalized proper scoring rujavhere a buyer can and only
can gain maximal scores by providing truthful ratings. Thgghkr score brings the buyer
a higher expected utility. Seller honesty is measured byatiegs provided by buyers
so that honest sellers are able to gain a high reputationpidaucts of sellers with
a higher reputation are offered higher prices. This ideghefgdrice premium is well
supported by economic studies. Empirical evidence revkatgprices of products sold
by honest sellers are generally higher [4]. The buyers’ ipase intention would not be
affected by the price premium provided to honest sellersAldo, buyers with larger
scores have more opportunities to conduct transactiofsmdtre reputable sellers. We
conduct experiments to confirm that our mechanism promaiés tuyer and seller
honesty.

2 Our Incentive Mechanism

The e-marketplace employing our mechanism runs peridgidaliring each transac-
tion period, each seller can only sell one product and eaglerbcan only buy one
product. In the beginning of each transaction period, seflest the products they want
to sell and buyers post buying requests specifying the mtsdhey want to buy. The
e-marketplace center gathers together the sellers whahgelame kind of products
and the buyers who want to buy those products. It is assunagdrtieach transaction
period, buyers’ demand for the products is larger thanrsekeipply of those products,
meaning that the e-marketplace has limited inventory, hnd some buyers may not be
able to do business with sellers. For the same products,ghiees will then be deter-
mined by the e-marketplace center and these products walll beated to some buyers.
After each transaction, the buyer can provide a rating,im] for the seller from whom
the buyer receives the product, reflecting the buyer'sfaatisn about the transaction,
i.e. the ratio of the quality of the received product to thiathe product promised by
the seller. As the central component of the e-marketplageincentive mechanism is
composed of aormalized proper scoring rujareputation modela pricing algorithm
and anallocation algorithm More specifically, in our incentive mechanism, we mea-
sure buyer honesty byscoreand seller honesty bigputation which are updated after
each transaction period. Buyer score will be updated dfiebtiyer submits a rating
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according to the normalized proper scoring rule, making shiat truthful ratings pro-
vided by buyers could bring maximum scores. The seller et is calculated by the
reputation model which aggregates ratings of the sellevigea by buyers weighted
by the scores of these buyers. The pricing algorithm setsehnigrices for the prod-
ucts provided by sellers with higher reputation. The altmceaalgorithm ranks buyers
according to their scores, and allocates products of hawdigrs to buyers with the
highest scores.

2.1 Modeling Buyer Honesty

Buyer honesty is measured as scoreadmmalized proper scoring rulefn this section,
we provide a class of normalized proper scoring rules whayets providing truthful
ratings about sellers will be able to gain the maximal scores

Given a binary event with two outcomesande’, p is the actual probability of
e and the actual probability of’ is 1 — p. Let = be a predicted probability of. If
the outcome of the event is the agent having predicted the probabilityzawill be
rewarded the scoré&fx), while if the outcome ig’, the agent will be rewarde®(1 — )
scores. The expected amount of scores of the agent is desbd®, x, p) = pS(z) +
(1 — p)S(1 — z). The scoring functiorS(x) is a proper scoring rule, if and only if
E(S,p,p) > E(S,z,p) and the equality is true only when = p [2]. Based on the
concept of proper scoring rules, we extend them to be nozetafproper scoring rules,
which are comparable, even when the scores are gained frertrahsactions with
sellers having different honesty levels in delivering preed products.

Definition 1. (Normalized Proper Scoring Rul8) Given a proper scoring rules,
Maz(p) = max, E(S, z,p) and Min(p) = min, E(S, z,p), a normalized proper

scoring rule is defined as/(z) = g 2b).

From Definition 1, normalized proper scoring rules are baahid[0, 1]. Itis also essen-
tial that they have the same properties of the proper scouleg, that is= (S, z,p) =
pS (2 H1p)S(1—2), E(S,p,p) > E(S, z,p), and equality is true only when= p.

In our mechanism, the honesty of a selén delivering promised products is mod-
eled by the seller’s reputatiaiy, which will be introduced in detail in the next section.
Thus, the probability of being dishonest i¢ — R,. In the end of the current trans-
action periodt, a buyerb involved in the transaction with sellercan provide a rating
indicating the buyer’s satisfaction about the transact@nce the rating is given, the
buyer’s score towards sellermeasured by a normalized proper scoring rule as defined
by Definition 1 will be updated. In consequence, the buyeré&rall scores towards all
sellers will also be updated.

Before we measure a buy&s honestyR,(t), we first calculate the expectation
value (denoted a5 (t)) of the distribution of the ratings provided by the buy¢owards
sellers, including the rating given in the current transaction périr he buyeb’s scores
towards selleg can then be measured as follows:

Ry(t) = Re(t=1)S (5 (1)) + (1-Rs(t-1))S (1-75(t)) 1)

whereS' is a normalized proper scoring rule aid(t — 1) is the reputation of seller
s up to the previous transaction. We also count the total nurmbeatings given by
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towardss, denoted a®V; (¢). By weighted averaging the scores gained towards different

sellers, the buydrs overall score is calculated as follows:

_ Taes B x N3 ()
ZSGS ‘]VbS (f’)

whereS is a set of all sellers whom the buyiehas done transactions with before and
provided ratings for.

Ry(1) (2

2.2 Modeling Seller Honesty

The honesty of a selleris modeled by aggregating the ratings provided by buyers (wh
have previously conducted transactions witfowards the selles based on the respec-
tive buyers’ scores reflecting the buyers’ honesty in primgdatings. More formally,

in the end of the transaction periodyiven the expectation of the distribution of a buyer
b’s ratings7; (t) € [0, 1] towards selles, buyerb’s scoreR; () measured by Equation
2, and the number of transactions between bayamd sellers denoted asV; (), the
reputation value (irf0, 1]) of sellers can be calculated as follows:

Rs(t) = F(Rs(t = 1), Ngep (), Roep(t = 1), Tiep (1)) 3)

where B is a set of all buyers whom the sellerhas done transactions with before
and received ratings from, arf®l, (¢ — 1) is seller reputation in the end of the previous
transaction period(1). F is a reputation model which can truly measure seller honesty
in delivering promised product, and in this paper, we do metcffy the form ofF,
since it is application dependent and many reputation nirgl@pproaches have been
proposed, such as [5].

2.3 Pricing and Allocating Products

In this section, we introduce the proposed pricing algamignd allocation algorithm.
For the purpose of simplicity, we focus on one kind of progya@nd assume that buy-
ers’ valuation of the products follows some distributiorttie interval[V., V*] where
V* andV, are the maximal and minimal valuation of buyers towards tioglpcts pro-
vided by sellers, respectively. We also assume that sellave the same cost of
producing that same kind of products with the highest quadihdV, > C, to make
sure that honest sellers are profitable.

As we analyzed in the Section 1, sellers with limited inveypgenerally lack of the
incentive to behave honestly even with reputation mechasmemployed because repu-
tation information about sellers cannot impose competigimong sellers in such mar-
kets, and sellers with relatively low reputation can stdi/h the chance to do business
with buyers because of the limited available products imtiaekets. The consequence
is that sellers will decrease the quality of their delivgpeaducts (also reputation) to the
point where buyers’ utility is minimized (i.e. approachésd at the same time maxi-
mize their own profit. In our mechanism, the pricing algarithssociates sellers’ profit
with their behavior. More specifically, it offers higher ges to products of sellers with

! Pricing and allocating is repeated for each kind of products
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higher reputation. In this way, it creates incentives fdlese to behave honestly. At the
same time, the pricing algorithm makes sure that buyers aansyifficient utility.

In our pricing algorithm, product prices are determined Ipyieing functionP(R),
whereR is seller reputation modeled by Equation 3. The pricing fiomcshould satisfy
the some basic requirements:A()R) > 0 for R € (0, 1]; 2) P(0) = 0; 3) P(0) = C;

4) % > 0; 5) P(Ry) = Ro x C. Requirement ensures that the price set for seller
with positive reputation is larger than 0. In the extremeescakere sellers never deliver
products at all, the price for the sellers’ products shoelddi as in Requiremerit. In
Requirement 3§ is a reputation value set by our mechanism so that the pripeoaf-
ucts provided by sellers with reputatiéris exactly equal ta”. Also, the price should
increase with sellers’ reputation (that is a monotonicalbreasing function), because
sellers with higher reputation bear higher cost for delivgpromised products. Since
P(0) = 0 andP(d) = C, there should exist a reputation vallg so thatP(Ry) = RyC,
according to the continuity property of the pricing funct®® R). Thus, when a seller’s
reputationR = Ry, the seller’s profit would b&(Ry) — RoC' = 0. In other words,
Ry is the minimum reputation with which sellers can gain nogaiwve profit. Sellers
with reputation lower thati, will not be profitable. The purpose is to disappoint those
sellers who intend to take advantages of the limited inugrgituation by behaving dis-
honestly. By setting the lowest profitable reputati®s sellers with reputation lower
than Ry will generally leave the market.

To come up with a proper but simple pricing function, we s@drivith a linear
function for P(R), however it is impossible to satisfy all the basic requiratadisted
above. Thus, we choose a quadratic function in the generalPoR) = aR? +bR +c.
Given Requirement ZR(0) = 0), we havec = 0. Given Requirements 3 and 5, we can
derivea = f(éi;i)) andb = %. According to Requirement 4, we can also derive
that2aR+b > 0, which can be satisfied by setting the constréint /R,. The pseudo
code summary of the pricing algorithm is shown in Algorithm 1

Algorithm 1: The Pricing Algorithm

Input S, a set of sellers offering the products;
Rs, reputation of a selles € S before the current transaction period;
C, 4, Ry, which are introduced above;

Output . P, the price for a seller’s product;
_ ca-s) .
1 &= 36-Ro)
_ C(62—Ry).
2 b= 5G"Ry

3 foreachs € S do
4 | P, =P(R;) = aR: +bR,;

In addition, our pricing algorithm has two nice properti€ke first property is that
buyers’ profit is positive whetky, andd are set properly, ensuring that the buyers al-
located with products of sellers will be willing to carry otie transactions with the
sellers (see Proposition 2 in the next section). The secoopkpty is that buyers allo-
cated products from sellers with higher reputation will bkedo gain larger profit even
though the prices of these products are higher. Therefergerb are willing to buy
products from sellers with higher reputation (see Propmsi2). Due to the first prop-
erty and the fact that not all buyers can be allocated witllpets (limited inventory),
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our allocation algorithm ensures that honest buyers (igets with larger scores) will

have higher probabilities of being allocated with produbtge to the second property,
we make sure that honest buyers will also likely be allocat#d products provided

by sellers with higher reputation, so that honest buyershgibble to gain more profit.

These create incentives for buyers to behave honestly hyding truthful ratings.

Algorithm 2: The Allocation Algorithm

Input . B, buyers who want to buy products;
S, a set of sellers offering the products;
7, the exploration factor;

Output : Allocation of products to some buyers;

1 S, + Randomly choose percentage of (products);

2 Sy + Therestl — n percentage of' (products);

3 SortS, based on seller reputation in descending order;
4 SortB based on buyer scores in descending order;

5 foreachs € S, do
6 Allocate product ofs to ranked top buyeb € B;
Removeb from B;

g foreachs € S, do
9 Allocate product ofs to random buyeb € B;
Removeb from B;

Following the two properties of the pricing algorithm, weno® up with the alloca-
tion algorithm whose pseudo code summary is shown in Algor2. More specifically,
the algorithm sets an exploration factpre [0,1]. Then percentage of randomly se-
lected products among all available products will be ranig@iocated to some buyers
(excluding the most honest buyers with the largest scoreswit be allocated with
anotherl — n percentage of products) (see Lines 8-10 in Algorithm 2)sThio make
sure that new buyers will also have a fair chance to do busiwih sellers and later
provide truthful ratings to gain scores. Thdactor is set relatively high in the begin-
ning of the operation of an e-marketplace when a large nuwfxeew buyers join the
market, but will be decreased when the market becomes mangenand stable and
not many new buyers will join the market. Another n percentage of all available
products will be allocated to the most honest buyers (i.e.binyers with the largest
scores). in a greedy manner. To be specific, these prodcteeted according to their
sellers’ reputation in a descending order. The buyers aperahked in a descending or-
der according to their scores. The products are then aiddatthe buyers one by one
according to the descending order, so that the productdlefsith higher reputation
are given to the buyers with larger scores (see Lines 5-7gothm 2). Note that each
buyer is allocated with one product in each transactioropleri

3 Experimental Validation

In this section, we carry out a set of experiments to evaloaténcentive mechanism.
We conduct our experiments in a dynamic setting. In the dyoaetting, some new
sellers and buyers join the marketplace during the expatime
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We simulate an e-marketplace environment involving seléerd buyers exchang-
ing the same kind of products. The total number of produatsiged by the sellers
is less than that of the buyers’ demand, i.e. a market withiithieed inventory. We set
Ro = 0.6, = 0.85 the cost in producing promised quality proddtt= 1, the minimal
valuation of buyers towards the produét = 2 and maximal valuation of buyers to-
wards the produdy* = 2.5, allocation exploration factay = 0.1, reputation learning
ratea = 0.5, the maximal error rate of reputation modet= 0.5 and confidence level
of reputation modely = 0.5. Note that a set of simulations with variant settings has
been experimented, and the results are similar.
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Fig. 2: The relation between buyer honesty and (a) buyees¢by buyer total utility

In our simulation, if a seller behaves honestly in one tratisa, she delivers a
quality product or a product with 50% quality. We set that fa#lers have various
probabilities in honest delivery and compare their aveqagdit. For a buyer, if she
behaves honestly, then she providdsr sellers who delivered quality products ahd
for sellers who deliver products with 50% quality. If the leunys dishonest, then she
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providesl for sellers who delivered products with 50% quality angl for those who
have delivered quality products. In the simulation, wewliew buyers and sellers join
the marketplace during the simulation. In order to maintain market constrain, i.e.
e-marketplace with limited inventory, when a new sellengiwe allow 10 new buyers
join into our system at the same time. After the boost-strappve let 5 new sellers
and 50 new buyers (buyer honesty follows the same distabwtiith the existing 400
buyers) join into our simulation in every 100 transactionige After 400 transaction
periods, there are 20 new sellers (seller reputation faltve same distribution with
the existing 80 sellers), and 200 new buyers participate aotr market. After such a
dynamic process, we simulate another 1000 transactiongeetd observe seller profit
and reputation. We obtain the results as shown in Figuresi2an

In Figure 1, seller reputation and profit in selling one prctdi0 sellers in total)
is shown. We observe that new honest sellers still gain theegaputation and profit
as the sellers who previously existing in the e-marketpl&bese results are shown in
Figure 1 (a) and 1 (b), respectively. It means that honekrsedan always gain higher
reputation and more profit no matter when they join our e-mimilace. In addition,
more honest buyers gain higher scores and more utility, le@gktare shown in Figure
2 (a) 2 (b). Therefore, the incentives of buyers and seltelehaving honestly are still
maintained when new sellers and buyers dynamically joia mir e-marketplace. To
conclude, our incentive mechanism ensures the sustdiyaifithe e-marketplace by
allowing new sellers and new buyers enter into our e-mal&egpand our mechanism
still works in such dynamic environment.

4 Conclusion

In this paper, we proposed an incentive mechanism to probuyter and seller honesty
in e-marketplaces with limited inventory. More specifigall pricing algorithm is pro-

posed to give high prices for products provided by honekrselin this way, sellers are
incentivized to be honest. An allocation algorithm is pregd to allocate products of
honest sellers to honest buyers. Conducting transactidhshanest sellers will bring

larger profit. Because of limited inventory, dishonest baymay not be allocated any
product. In this way, buyers are incentivized to be honest.pMovide experimental
verification for our mechanism.

References

1. Choe, Y.C., Park, J., Chung, M., Moon, J.: Effec of the fo@teability system for build-
ing trust: Price premium and buying behavior. Informatigrst8m Frontiers 11(2), 167-179
2009

2. (Fang,)F., Stinchcombe, M.B., Whinston, A.B.: Proper sprules with arbitrary value func-
tions. Journal of Mathematical Economics 46(6), 1200-1(2010)

3. Jurca, R.: Truthful Reputation Mechanisms for Onlinet&ys. Ph.D. thesis, EPFL (2007)

4. Mai, B., Menon, N.M., Sarkar, S.: No free lunch: Price piam for privacy seal-bearing
vendors. Journal of Management Information Systems 2189;-212 (2010)

5. Wang, VY., Singh, M.P.: Trust reputation and aggregatioa distributed agent system. In:
Procedings of the Conference on Atrtificial Intelligence @AM pp. 1425-1430 (2006)

6. Zhang, J., Cohen, R.: Design of a mechanism for promotorges$ty in e-marketplaces. In:
Procedings of the Conference on Atrtificial Intelligence (AA(2007)



