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Group Identity in Markets
Abstract:

We present a laboratory experiment that measueesftacts of group identity — one’s
perceived membership in social groups — on markasactions in an oligopoly market
with a few sellers and buyers. We artificially imgugroup identity using art preferences
and college majors in different treatments, respelgt Subjects are randomly assigned
into the roles of buyers and sellers and intergpeatedly. We find that the presence of
groups influences both the selection of trade gastand the determination of prices. All
else equal, sellers are more likely to make offerisgroup buyers, but this ingroup
favoritism depends on the profile of seller-buydrinsic values. We also find that
whenever buyers are more likely to accept offessfingroup sellers, there are
considerable ingroup-outgroup price differentialdwoutgroup sellers charging@aver
price than ingroup sellers.

JEL codes: C91, D61, D63, L13, L14
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Group Identity in Markets
1. Introduction

It is well established in the economic literaturattother-regarding preferences
play important roles in individual economic decrsimaking. Nevertheless, markets are
still typically modeled as interactions betweeri-gakrested agents. Our study
contributes to the literature by experimentallyrakang an oligopolistic market with a
few sellers and buyers who share social ties tieabailt on group identity — perceived
membership in a social group. We induce group itlensing subjects’ painting
preferences or priming their identity of being eértcollege majors. The research
guestions include how group identity influencesragjechoice of partners in transactions
and the determination of prices. Results of thjggpaffer insights that may help
researchers better understand market matches dfsstenenplications in the presence of
social groups.

Group identity theory was developed in a seminakvxy Tajfel and Turner
(1979) who seek to understand the psychologicas basintergroup discrimination.
Group identity has been a central concept in utaeding phenomena such as ethnic and
racial conflicts, discrimination, and political cpaigns (see McDermott, 2004, for a
review). The concept of identity is systematicatifyoduced into economic analysis by
Akerlof and Kranton (2000) who apply the theoryatwalyses of gender discrimination,
the economics of poverty and social exclusion, lemusehold division of labor. A
growing number of experimental studies investighé&eeffect of group identities on
individual economic decision making. One stranthefliterature uses natural pre-
existing identities, such as ethnicity (e.g., Fersin and Gneezy, 2001). Other studies
follow the minimum group paradigm by inducing gradpntities in the laboratory and
investigate their impact on prices and earningnankets (Ball et al., 2001), cooperation
(Eckel and Grossman, 2005; Charness et al., 2@0d)social preferences (Chen and Li,
forthcoming. Goette, Huffman, and Meier (2006) use randomsbigned real social
groups to study the impact of group membershipamperation and norm enforcement.

The influence of group identity has not yet beedragised in market settings,
however, with a few notable exceptions includinggA&f and Kranton (2005) who study

a principal-agent framework where workers may dgvel social bond with their
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employers, and Baé#t al. (2001) who study how the artificially created sbatatus
affects market prices and earnings of buyers alerseGroup identity may play a
limited role in markets where there are many ananysrbuyers and sellers. However, it
becomes more important when the number of buyetselters is relatively small, e.g.,
in an oligopoly market, since some buyers and isetfeay share social ties with each
other and have heterogeneous non-pecuniary pregEsaver each other. In essence,
when group differentiation is present a price-basadket now includes matching
considerations. Markets with matching consideratioave been modeled by Hatfield
and Milgrom (2005), Bulow and Levin (2006), Nieae(R007), and Crawford (2008).
The presence of social ties may affect behavioteade buyers and sellers who are part
of these social ties. In addition, the informatmnthe presence of social ties may also
affectotherbuyers and sellers’ behaviors, price determinadiath the rate of successful
transactions in the market. Our study focuses esehesearch questions. Specifically,
we measure the degree to which group identity tffieayers and sellers’ choices of
transaction partners, as well as the transacticesr

In this study, we design a lab experiment involvéimgoligopoly market with
three sellers and three buyers who share somd siesial he social ties are built on
perceived group membership that is induced indbelh one treatment, we adopt the
minimal group paradigm in the psychology literattoartificially induce group identity
based on subjects’ art preferences. In anotheinesd, we adopt a technique from
psychology by priming subjects’ identities of beitgrtain college majors. Subjects are
then assigned with the roles of buyers and selershave different intrinsic preferences
over each other and interact repeatedly. Our ifnyasnn identifies the impact of group
identity on partner selection and price offers. dd that all else being equal, sellers are
more likely to make offers to ingroup buyers, bus tingroup favoritism depends on the
profile of seller-buyer intrinsic preferences. Wgoaobserve considerable ingroup-
outgroup price differentials with outgroup selleh&arging dower price than ingroup
sellers, whenever buyers are more likely to acoépts from ingroup sellers. Although
ingroup match is in general more likely to yieldigher rate of successful transactions
than outgroup match, the overall rate of transastis not significantly different in the

identity treatments compared to the control wheeséd is no group differentiation.



The paper is organized as follows. Section 2 dsesighe setting we investigate
and outlines the research questions. Section &mpiethe experimental design. Section 4

presents the analysis and main results. Sectiem&wudes.

2. Setting and Research Questions

Before we discuss the research questions, we yde#cribe the setting under
investigation. Prior to the market exchange, bugeis sellers are assigned to groups.
This group affiliation does not change over thenspiatime we study. There are three
buyers and three sellers in fixed roles. Buyer sgltbrs make decisions repeatedly
during 50-round market with differentiated buyensl gellers. Differentiation means that
buyers and sellers have different intrinsic valoesr each other and that all else equal,
buyers and sellers could strictly rank each otharder of preferences. In each round,
every seller chooses a buyer and makes a price &feh buyer then decides whether to
accept any offer he has received. Buyers can aoccdypbne offer or reject all. We will
discuss the experiment design in detail in se@ion

The main research questions we are interestecalnde whether and how group
identity influences partner selections on bothdbemand and supply sides, and the
determination of prices. Our setting links to titerature on bargaining games with
multiple proposers and responders (for studies mitttiple responders see Gith et al.,
1997; Grosskopf, 2003, and Gneezy et al., 200Bdogaining games with multiple
responders). In our setting, each seller can begthtoof as a proposer facing multiple
responders and each buyer can be thought of apan@er facing multiple offers. If the
responder deems none of the offers to be fairaheject all. A subject would lose one
token if unmatched in a market. Since there aralegumbers of proposers and
responders, in later stages of the game, offetd@imade one-to-one, resulting in a
structure very similar to the basic bargaining game

Since this game can be solved by backwards induatte begin our investigation
with the second mover (i.e., the buyer) and theamere first mover’s (i.e., the seller)
behavior. Hypothesis 1 stems from studies of bamggigames with group identity (e.g.,
Chaserant, 2006). In these studies, it is fountdrésponders are more likely to accept
offers from members of the same social group,lsdi equal. We conjecture that this

pattern would extend to the present setting.
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H1. Other things being equal, offers from ingroefiess are more likely to be accepted.

Next question we investigate is whether in the resketting sellers would
consider buyers’ group identity in their strategi@swhom to make an offer to and at
what price. The existing evidence is mixed in fkerdture. Fershtman and Gneezy
(2001) reject ethnic group effects in a dictatamgaexperiment conducted in Israeli
Jewish society. In contrast, Wilson (2007) condactisctator game experiment in Bosnia
and finds that participants from three ethnic ggouBosniak, Croat and Serb — show
strong ingroup favoritism by offering significanthiyore economic awards to recipients
from their own ethnic groups. Kramer, Shah and Wee(1995), in a bargaining game
involving members of two rival business schoolsgfihat responders are more willing to
accept an unfair offer by an ingroup member. Kalareet al. (1986) observe that
psychology students paired with commerce studentsertess generous offers and are
less willing to accept unfair offers relative tarpag with other psychology students.
Robert and Carneval (1997) find that proposers rofiem offer a fair share to a member
of their own class. Chaserant (2006) investigategdining game experiments with a
minimal group paradigm, separating people into gsdoy preferences over art works.
They find discriminatory behavior in only one o&ttwo groups and in the opposite
direction to Kramer et al. (1995). That is, sulgdotthat group reject the majority of
unfair offers coming from the ingroup. Charnesstuidg and Sonsino (2007) find that
people are less generous to members of a diffgemgraphical group in a lost wallet
game.

Therefore, hypotheses 2 and 3 propose that inrdsept setting sellers would

consider group identity in their strategies.

H2. Sellers are more likely to make offers to ingrduyers.

H3. Prices offered to ingroup buyers will diffeofn those to outgroup buyers.

Hypothesis 3 is two-directional. On the one haetless may make favorable
price offers to ingroup buyers because of ingrayofitism. On the other hand, sellers
may expect buyers to behave in an ingroup favorableand, when making offers to

outgroup buyers, will offer lower prices to compeifigh the buyers’ ingroup sellers. Or



alternatively, opportunistic sellers, in anticipetifor buyers’ ingroup favoritism, may
take advantage of this and charge ingroup buyetsehiprices. In either case, we expect
to observe ingroup-outgroup price differentialst tne direction of the differentials is

ambiguous.

3. Experimental Design

We adopt two major experimental methods from sadetity research: (1)
priming natural social identities, and (2) inducimgtificial group identity in the
laboratory using an approach known as minimal gmmanadign?: Priming is an
experimental technique by which a stimulus, sucé kst of words, a questionnaire,
posters, or an article, is given to subjects teiiee them to the later presentation of a
similar stimulus. Research in psychology finds thaitly activating one’s natural social
identity through priming can affect behaviors amticomes, such as test performance
(Aronson, Quinn and Spencer, 1998), walking sp8eadgh, Chen and Burrows, 1996) or
person perception (Bargh and Pietromonaco, 198®).second method induces artificial
group identity using the minimal group paradigmtHa classical application of the
minimal group paradigm (Tajfel and Turner, 197@)jects are assigned to groups based
on stated preferences for paintings by two artisassily Kandinsky and Paul Klee. The
typical finding is that group membership creategaup enhancement in ways that favor
the ingroup at the expense of the outgroup (Tajfel Turner, 1979, Brown, 1986, and
Wetherell, 1996, for reviews). In our study, we pidooth methods as complementary to
each other, and investigate three experimentaieas: (1) induced group identity
through the minimal group paradigm using painti(iggfel and Turner, 1979) —
hereafter th&aintingstreatment, (2) natural group identity through siisation of

! Chen and Lifprthcoming find that in two-person response games the refgrsrare more forgiving
towards an ingroup proposers’ behavior out of aibthtion to lower the former’s payoffs.

2 Studies based on natural classifications of idiest{e.g., gender, race, age) usually yield reshht can
be easily generalized. The potential drawback, wvewes that the results may be subject to noisetdu
the multi-dimensionality of natural identities (ths, people have multiple affiliations with diffemt
degrees of saliency) and hence be affected bydgaeity in individuals’ perceptions during the
experiment. Priming makes salient the dimensioiderfitity that interests the researchers and hemce ¢
avoid potential confounds. In comparison, the apphoof artificially inducing identities gives
experimenters better control over the participagtsding identity during the experiment. As a trafdethe
results may not have straightforward generalizattonreal-life cases. We adopt both approaches as
complementary to each other.



college majors — hereafter tMajors treatment, and (3) a control treatment with no
group identity®

The identity treatment sessions contained two staljee first stage involved
group assignment based on participants’ art preée®or college majors. In the second
stage, subjects were randomly assigned with aofdbeiyer or seller, and participated in
a series of trading tasks. Sellers made price ®ffebuyers, and buyers decided whether
and which offer to accept. The control containely éime trading tasks without having

subjects assigned to groups. All sessions considteitt subjects.

Group Assignment

In thePaintingstreatment, we followed the minimal group desigthia social
psychology literature and created two groups indberatory based on participants’
preferences over paintings by two modern artistas$y Kandinsky and Paul Klee.
Specifically, subjects indicated their preferenaesr five pairs of paintings on a web site
constructed for the experiment recruiting. Each pailuded one painting by Wassily
Kandinsky (1866-1944) and one painting by Paul Kl 9-1940). Although both
artists are considered pioneers in abstractionddem painting, they have very distinct
styles. Subjects were classified as Kandinsky-gibthey indicated preferences for
Kandinsky paintings in at least three pairs, angekdtherwise. Four out of six sessions
had two balanced groups whereas the other twosseskad four Kandinsky-classified
and two Klee-classified participaritd.o make the group identity salient, the
experimenter started the sessions by briefly intcat the two artists’ biographies and
contrasting the styles of their work. Subjects wben reminded of their preferences and
encouraged to reflect how their painting prefersmedated to their personalities.

In theMajors treatment, we used the natural pre-existing gidaptity

distinguished by college majors. In recruiting, weited only subjects who were either

% Note that our group assignment process diffeghtii from that of the minimal group paradigm
experiments in social psychology. In psychologpugr assignment is usually done randomly even though
participants are led to believe it is based orrthainting preferences. To avoid using deceptian, w
categorized subjects to groups truly based orreptirted painting preferences as in Chen and 1040

* Since we categorized subjects truly based on faffireported painting preferences or college nsajor
this usually led to unbalanced group sizes. We tidemitigate the problem by soliciting subjects’
preferences in advance during online recruitingl, later inviting equal numbers of both types to the
experiment. Despite our effort, for two sessions, sl ended up having more of one type than thero
However, the group size (i.e., 3 vs. 3, or 2 vdid)not seem to affect their decisions.
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business or engineering majors. Four sessionsrhadual number of participants from
each major, whereas the other two sessions hagémple from one major and two from
the other major since more students showed up tneenmajor than the other. We
adopted research designs of group identity studissecial psychology to make the
college major identity salient (Aronson et al.1988&ele 1997, Shih, Pittinsky and
Ambady 1999). At the beginning of the experimes&dsions, participants were greeted
by the experimenter and asked to fill out a quesi@re that contained questions on the
comparison and contrast of their major with thesothajor. They were also asked to
indicate their agreement, on a scale from 1(StyoBigagree) to 5 (Strongly Agree),
with three statements on how strongly they idesdifivith their major. These statements
includei) “Being a business/engineering major is an impurpart of who 1 am”ji)

“Being a business/engineering major is an impontent of the image that | project”; and
iii) “Being a business major is a source of pridenfer. Participant responses to all these
three statements vary from 1 to 5 with mean betv@e®mand 4, median 4 and standard
deviation between 1.1 and 1.3. The survey and sugnstatistics are included in

Appendix A.

Trading Tasks
At the beginning of the second stage, six subjeete assigned with a role of

buyer or seller. There were always three buyerslanse sellers per session. Their roles
were fixed for the rest of the experiment. Forgksesions with three subjects for each
painting type or major, group differentiation wasgerved among sellers (or buyers). In
other words, there was at least one seller (orf)uyleo came from a different group than
the rest of sellers (or buyers) in each round.

Sellers and buyers interacted repeatedly in asefigrading tasks for 50 rounds.
In each round, each seller chose one buyer to m@kiee offer first, and then buyers
responded. Each seller can only make one price péfieround. The price offer, if
accepted, was paid out by the buyer to the séllégr the offers were made, each buyer
chose whether to accept any offer he had receshezlgould accept only one offer or
reject all.

Sellers and buyers have exogenous and heterogepesdasences over each
other, as shown in the value profiles presentélchiie 1. The first number in each cell is
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seller value — how much a seller would earn, intaatdto the price, by matched with a
buyer; the second number is buyer value — how nauminyer would earn, before the
price is paid out, by matched with a seller. Faragle, in profile 1, seller 1 would earn
35, 25 and 15 tokens from buyers 1, 2 and 3, réispégc and hence prefers buyer 1 to
buyer 2 and buyer 2 to buyer 3, based on intrimaiges. On the other hand, buyer 1
prefers seller 3 to seller 2 and seller 2 to sdljdrased on intrinsic values. All sellers (or
buyers) differ in their preference rankings. Simdeen an offer was accepted the buyer
would have to pay the seller the proposed pricgebpayoff would be the buyer value
minus the price, and seller payoff would be théesetalue plus the price in that round. It
was public information that unmatched subjects iauand would lose one token for that
round. Every subject was given an endowment obkeérts at the beginning of the
experiment For buyers who receive at least one offer witlositive net payoff,

rejection is a myopically dominated strategy in\geg round but it might lead to better

offers in future rounds.

Table 1. The Value Profiles

Buyer 1 Buyer 2 Buyer 3
Seller1 | 35,15 25, 15 15, 35
Profile 1 Seller2 | 25,25 35, 35 15, 15
Seller3 | 15,35 35, 25 25, 25
Seller1 | 15,35 35, 15 25, 35
Profile 2 Seller2 | 15,15 25, 25 35, 25
Seller3 | 25,25 35, 35 15, 15

Note: In each cell, the first number is seller eafund the second number buyer value.

We used two value profiles with profile 1 usedamds 1-25 and profile 2 used
in rounds 26-50 as shown in Table 1. In the insimas presented in Appendix B, the
buyer values and seller values were presentedarséparate tables for each profile to
make the information easier for subjects to follow.

One important part of our design is to adopt vauediles from the matching
literature in order to introduce sellers and buyketerogeneous preferences over each
other. The parameters in the profiles are selesitetl that no one shares the same

preference rankings with anyone else, as showmbtel2. We selected two value

5 There was no one who made no transaction fordasecutive rounds.
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profiles with the first profile relatively simpléhan the second one. In the absence of
prices (or all prices being equal), the first pietheoretically converges in two steps
(one step after the initial offer), assuming eagles makes an offer to the buyer with the
highest valuation for him who has not yet rejedied.’ More complexity is added to the
structure of the second profile, and it theorelycabnverges in four steps — three steps
after the initial offer. The two profiles allow s examine and compare the effects of
social identity in relatively simple market envimnants and increasingly more complex

market environments.

Table 2. Sellers and buyers’ intrinsic preferences

Profile 1 Profile 2
B, - B, - B, B, =B :;"31
Seller preferences B,~ B, - B, B, - B, -5
over buyers G o
B, - B; - B, B, ~B, - B,
5;'5'\- "S 5 "'-5 "'-Sl'u
E, "B R T
Buver preferences 5. —S. =85, S, =5, =5,
5 *BV B - B
over sellers
5, =5, =S5 §, =8, =5,
B B ‘B, 7B

The structure of the profiles also imposes cedaigree of competition among
sellers. For example, in profile 1, both selleen® 3 prefer buyer 2 most based on their
intrinsic values. This design allows us to studyethler and to what extent an
introduction of groups may maneuver competitiortt@nsupply side. Specifically, we
ask what role, if any, the presence of group idgiplays in sellers’ selection of buyers
and their choices on price offers. On the demaae, $he design makes it possible for
some buyers to receive multiple price offers. heatral identity environment, buyers
may act rationally by accepting the offer that gsthem the highest monetary paydffs.

® Matching theory typically ignores prices. Thisiscause prices add a level of complexity, addaies
often destroy the lattice structure. One purpogh@fpresent study is to fill this vacuum in aigetiwvith
group identity. Recent works on matching with psigeclude Hatfield and Milgrom (2005), Bulow and
Levin (2006), Niederle (2007), and Crawford (2008).

" Empirically, there may be errors when subjectserthkese decisions.
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In an environment with group differentiation, howevbuyers’ decision making process
may become more complex when there are tradedtfifeele@ monetary payoffs and
intergroup preferences. For example, a buyer may fan ingroup seller when deciding
between comparable offers, in which case the gdiffgrentiation facilitates buyers’
selection of sellers. In other cases, the presehgeup differentiations may interfere
with rational response of buyers and induce demmaftiom it. A buyer may be willing to
forego a certain amount of monetary payoff and picae ingroup offer that charges a

higher price in order to acknowledge her group fitign

Procedure

Subjects were seated in front of computers attparéd desks, and made
decisions in private. Communications was not peeaiamong subjects. Hard copies of
the instructions were distributed, and also readdby the experimenter. Both value
profiles were included in the instructions and sotg had access to them at any time
during the experiment.

When subjects were making their decisions, theyewdormed of the opposite
role’s group affiliation. For example, sellers wantormed of the group affiliation for
every buyer, and also reminded of their own valadile. Similarly, buyers were
informed of the type of each seller, told aboutahiseller proposed to which buyer at
what price, and reminded of their own buyer prof8ereen shots on seller and buyer
decisions are included in Appendix C.

At the end of each round, subjects were given faekibn the results on the
round just ended. The feedback screen was sinoifegdllers and buyers. It included
information on which partner each subject was nmedahith, if at all, and at what price,
individual earnings in the most recent round, amehalative earnings. Subjects were also
informed about all other transactions, includingvtuach buyer each seller proposed and
at what price, and whether the offer was acceptedas public information that this
feedback was given to every participant.

There were 50 rounds, with profile 1 being usewbimds 1-25 and profile 2 in
rounds 26-50. When round 25 ended, subjects wemneeddhat a new set of value profile
would be used for the remainder of the experimauttheir roles as seller or buyer

would stay unchanged. At the end of the experimeghile we made the payment we
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wrote each group’s average earnings on the bosm@hm@ounced in the instructions,
although most subjects left without seeing them.

The experiments were conducted at the Universifiyeofas at Dallas. Subjects
were recruited through announcements in classep@stdrs throughout the university.
The experiment lasted about one hour. Subjects’ittentities remained anonymous and
were represented by computer assigned subject memiiee experiments were
programmed using z-Tree (Fischbacher 2007). Subyeete paid their cumulated
earnings through all rounds based on the exchatgef 200 lab tokens per dollar. In
total, six Paintings sessions, six Majors sessiand,five control sessions were

conducted, with six subjects per session.

4. Results

For a visual inspection of the results pertainm@ypothesis 1, we summarize in
Figure 1 the average rate that a proposal getptattéy a buyer (i.e., the rate of
successful transactions). Statistics for ingroupcmaoutgroup match, and overall
average are represented by black, grey and whise tespectively. We find that
although the overall average acceptance ratesrailarsacross experiment conditions,
proposers’ group affiliation clearly affects thkdiihood of whether an offer is accepted.
In profile 1 of the Paintings treatment, 84.3% ot offers proposed to ingroup buyers
are accepted, in contrast to 56.5% of acceptartedaroffers proposed to outgroup
buyers. In profile 1 of the Majors treatment, ticeeptance rate is 76.6% for offers
proposed to ingroup, and 62.3% for offers propdseslitgroup. In profile 2, the ingroup
and outgroup difference in acceptance rate decliFmsthe Majors treatment, the
acceptance rate is still higher for ingroup (75.9B&n for outgroup (71.3%). For the
Paintings treatment, the relationship reverses thighacceptance rate for outgroup
(75.8%) slightly higher than for ingroup (72.4%helsummary statistics suggest that on

average, proposals to ingroup buyers are moreylikebe accepted.
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Figure 1. Rate of offer acceptance

90% ———— Profilel —+———— 90% ———— Profile2
B4.3%
85% | 85%
30% - 209
¢ 76.6% 75.2% B0% 75.8% 75.9%
75% 7L 75% -F2d%  RLe 73.3% F25%
- L.3ps— I
70% - 70%
§5% oz 55% —
§0% 50%
55% 55%
50% T 1 50% — . =
Paintings Majors Control Paintings Majors Control
Bingroup = Outgroup DOAverage Ningroup = Outgroup DOAverage

We use random effect logit regressions to formalgstigate the determinants of
acceptance of seller offers. Recall that in eacmdaa seller can choose only one buyer
and make a price offer, and the offer may be aeckpt rejected. In our sample, the rate
of rejection is 24.8% in the Paintings treatmeft62o in the Majors treatment, and
26.1% in controlWe investigate the factors that determine whetrssllar’'s offer is
accepted or rejected. The dependent variable igrtiteability that a seller’s offer is
accepted. We consider two explanatory variabldsidieg group affiliation (théngroup
dummy) and a price factoReélativePrice) in the identity treatmenfsThelngroup
dummy variable is coded as one if the proposinigisahd the buyer come from the same
group, and zero otherwise. The variaBkativePrice is the seller’s proposing price
normalized by buyer value. In other words, thealslgRelativePrice represents the
fraction of buyer gross value that can be extrabiethe seller if the offer is accepted.
Our prediction is that the probability of offer aptance increases with the ingroup

matching but decreases with the relative price.

8 The group affiliation variable is inapplicablettre control.
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Table 3: Determinants of seller offer acceptance random effect logit regressions

Painting: Majors Contro
Profile 1 Ingrour 0.345* * 0.164+* *
(0.077) (0.059
Relative Pric -0.636x* * -0.82¢&x* * -0.442 *
(0.14) (0.127) (0.139
Observation 45C 45C 37t
Log likelihood functiot -197.% -211.1 -190.¢
Profile 2 Ingrour -0.031 0.091*
(0.05%) (0.059)
Relative pric -0.462x* * -0.586x * -0.30¢&x*
(0.090) (0.13¢) (0.139
Observation 45C 45C 37t
Log likelihood functiol -232.% -237.¢ -211.1

Note: Dependent variable is the probability thatler’'s offer is accepted; the constant term ¢uided
in the regressions; the table reports the margifiatts; standard errors in the parentheses asteckd
at the individual level*** significant at the 1 percent level, ** significaattthe 5 percent level, *
significant at the 10 percent level.

Table 3 presents the results. We report the mdrgffects of the explanatory
variables rather than the coefficient estimatesn&drd errors in the parentheses are
clustered on the individual leveFirstly, we find that buyers respond negativelytice.
A higher price (normalized by the buyer value) digantly decreases the chance of
acceptancep(< 0.01). The results on price are consistent aatighe experimental
conditions and the two value profiles. In addititive effect of group affiliation on offer
acceptance exhibits interesting patterns. In gdfibf both the Paintings and Majors
treatments, théngroup matching increases significantly the likelihoododfier
acceptance, conditional on the relative price.i®aerly, ingroup affiliation in the
Paintings treatment increases the likelihood aéroficceptance by 34.5% € 0.01), all
else being equal. Ingroup affiliation in the Majtrsatment increases the likelihood of
acceptance by 16.4% € 0.01). It supports hypothesis 1 that buyersvaoee likely to
accept an offer from an ingroup seller. In profllehowever, buyer’s preferential
treatment towards ingroup sellers diminishes sulbisidy. In the Majors treatment, the
marginal effect of the ingroup dummy variable rezkirom 0.164 in profile 1 to 0.091
(p < 0.10) in profile 2, with the standard errors liacged. In the Paintings treatment, its
marginal effect of ingroup becomes -0.031, butasstatistically different from zero.

One conjecture is that buyers’ favorable treatnbewtrd ingroup sellers may generate

° A constant term is included in the random effegitl regressions for each treatment. It is omittethe
table since the marginal effects are reported here.
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opportunistic responses from the latter, and bulgans this over time and consequently
withdraw their ingroup favorable choices. This @mtjire is discussed when we
investigate sellers’ decisions over buyers andeptiz which we will turn after stating
Result 1.

Result 1: All else equal, price offers from ingragllers are more likely to be accepted
in profile 1, but this tendency diminishes overetim

We next investigate whether sellers’ selectiobwfers is influenced by group
differentiation. We find that on average, selldie@se an ingroup buyer 69.3% of the
time in profile 1 and 33.8% in profile 2 for theiRings treatment, and 64.7% in profile
1 and 45.1% in profile 2 for the Majors treatméngure 2 presents the dynamics of the
probability that sellers choose ingroup buyers.he@dmt represents a three-round average.
The solid lines refer to profiles 1 and dasheddipmfiles 2; lines with squares refer to
the Paintings treatment and lines with asteriskdMijors treatment. Comparing these
lines with the 50% reference line (in which casgraup and outgroup are selected with
50-50% of chance) reveals that for both of theidgtreatments, sellers are more likely
to choose ingroup buyers in profile 1. In profiles2llers are more likely to choose
outgroup buyers in the Paintings treatment, anal sh®w marginal favoritism towards
outgroup buyers in the Majors treatment.

Figure 2. Probability that sellers make a price pr@osal to ingroup buyers

80%
70% ——’-7‘—-&4
60%
50% - —— Paintings prof. 1
4 Ho— =
_ AT = - - =~ - ‘ — m— Paintings prof. 2
-~ — —
40% L ——= Majors prof. 1
L - - =~ - S
- -— |l ~ — 4= Majors prof. 2
30% - -
u
20% Rounds
1-3 4-6 7-9 10-12 13-15 16-18 19-21 22-25

We use a conditional logit model to formally stutlg determinants of sellers’
choice of buyers. The dependent variable is tredilikod that buyer (i = 1 for buyer 1j
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= 2 for buyer 2, and= 0 for buyer 3) is selected by the seller. Explanavariables
include seller and buyers’ group affiliations (repented by thiengroupdummy), and the
seller and buyer joint payoff3 ¢tal surplu$. Thelngroupdummy takes a value of one if

the seller and the buyer come from the same grangbzero otherwise. Results are

reported in Table 4.

Table 4. Determinants of sellers’ choice over buysf conditional logit regressions

Painting: Majors Contro
Profile 1 Ingrour 0.328*** 0.226***
(0.038 (0.029
Total surplu 0.C21%** 0.006*** 0.004*
(0.002 (0.002 (0.002
Buyer ] -0.268*** -0.066* -0.085***
(0.042 (0.036 (0.035
Buyer2 -0.115%* 0.05¢ 0.00z
(0.044 (0.038 (0.040
Observation 45C 45C 37t
Log likelihood functiol -3617 -441.1 -402.¢
Profile Z Ingrour -0.159%** 0.02(
(0.027 (0.028
Total surplu 0.012%** 0.009*** 0.015%**
(0.002 (0.002 (0.002
Buyer 1 -0.03: -0.08¢t -0.05¢
(0.034 (0.035)** (0.037
Buyer Z -0.11: -0.03( -0.171
(0.032)*** (0.028 (0.031)***
Observation 45C 45C 37t
Log likelihood functiol -443.2 -465.C -372.C

Note: Dependent variable is the probability thatler proposes a price to a buyer; the table teploe

marginal effects* significant at 10%, ** significant at 5%, *** sigficant at 1%.

For both of the identity treatments, sellers areetikely to choose ingroup

buyers than outgroup buyers in profile 1. Spedifycghe probability of choosing an

ingroup buyer i82.8%(p < 0.01) higher than choosing an outgroup buyenén

Paintings treatment, ar&2.6% (p < 0.01) higher in the Majors treatment. Similaregsult

1, this ingroup favoritism evaporates and potelyti@verses in profile 2. For the

Paintings treatment, sellers are 15.99% (0.01) less likely to choose ingroup buyers in

profile 2; for the Majors treatment, the ingrouglanutgroup difference is 2% and not

significantly different from zerop(> 0.10) in profile 2. In almost all cases excequffipe

1 for the control, th&otal surplusvariable enters with a positive and significarieef (p
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< 0.01). It suggests that the higher the sellerebijgint payoffs, the more likely that the
seller will make an offer to the buyer. This givesResult 2.

Result 2: All else being equal, ingroup memberskgpificantly increases the probability

of an offer in profile 1. The ingroup favoritisnmahishes or reverses in profile 2.

We next investigate hypothesis 3 on seller pridersf For a visual inspection, we
summarize sellers’ average price offers, adjustedhtlividual effect, in Figure 3.
Specifically, for each seller, individual means subtracted from the observations of
each price, before the average price is compuigdrd-3 presents this adjusted average
price for ingroup (black bars) and outgroup (graysh matching, respectively, in the
Paintings and Majors treatments. Note that, bynitedn, the adjusted average price is
zero for the control condition since the averagmdividuals’ deviations from the mean
must be zero. We find that in all cases, selleraye price is higher for ingroup than for
outgroup. In profile 1 the ingroup-outgroup prigéedence is 0.87 (0.27 plus 0.60)
tokens for the Painting treatment and 1.9 tokenghi® Majors treatment. In profile 2 the
difference is 0.01 tokens for the Paintings treainaed 0.62 tokens for the Majors
treatment. We also find sellers’ price offers aighty state dependent, and are highly
correlated with prices offered in previous rourfés: example, the correlation between
individual prices with the average price of suct@dsansactions in the previous round
ranges from 0.20 to 0.68 (all wifhvalue less than 0.031J.This is not surprising since, in
each round after transaction, subjects were gigedlfacks on all the prices in that round.
Therefore, it is expected that the feedbacks arepnmay influence sellers’ ask prices in

subsequent rounds.

9 The correlations are 0.56 (profile 1 in Paintings35(profile 2 in Paintings), 0.20 (profile 1Najors),
0.40 (profile 2 in Majors), 0.68 (profile 1 in coaol) and 0.28 (profile 2 in control), all withhvalues less
than 0.01.
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Figure 3. Sellers’ average price offers adjusted fandividual effect
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We use random effect linear regressions to formallgstigate the determinants
of price proposed by sellers. The dependent vaisithe price that a seller proposed.
Explanatory variables include group affiliationgtimgroup dummy), seller and buyer
joint payoffs(Total surplu$, one period lag of average pri¢eag price.'* The dummy
variablelngroupis coded as one if the seller and the buyer tomvtiee seller proposed
come from the same painting or college-major greungl, zero otherwise. THeotal
surplusvariable is constructed as the sum of buyer vahgeseller valud.ag priceis
included to control for state dependence of piaecel is constructed as the average of
prices in the successful transactions in the preiound:?

Table 5 reports the estimated coefficients in #relom effect linear regressions.
The coefficient of théngroupvariable is positive and significant in most ca@esept
profile 2 of the Paintings treatment), indicatih@t outgroup sellers charge a lower price
than ingroup sellers. Specifically, all else begmmial, the ingroup and outgroup price gap
is 1.765 tokensp(< 0.01) in profile 1 of the Paintings treatmemig@.519 tokeng(<
0.01) and 1.568 tokenp € 0.01) in profiles 1 and 2 of the Majors treatmen

Yina separate regression for the Majors treatmemincorporated the survey measures on identity as
proxies for group affiliation. The effects of thegroup dummy, Total surplus andLag pricevariables are
robust. The identity variables did not enter winificance at any conventional level.

12 The price offers which were rejected were notuideld in the computation for theg pricevariable.
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respectively’® These differences are economically sizable — #1ey18.4%, 25.2%, and

18.7% of the corresponding average proposed pespectively*

Table 5. Determinants of seller’'s proposing price +tandom effect linear regressions

Painting: Majors Contro
Profile 1 Ingrour 1.765%** 2.519%**
(0.616 (0.632
Total surplu 0.100** 0.03¢ -0.037
(0.043 (0.039 (0.050
Lag price 0.566*** 0.236*** 0.619***
(0.054 (0.075 (0.065
Constar -2.51¢ 4.419° 6.658**
(2.608 (2.370 (2.939
R? 0.37 0.1¢ 0.4¢
Observation 432 43z 36C
Profile 2 Ingrour -0.33: 1.568***
(0.813 (0.548
Total surplu -0.02: 0.037* 0.03i
(0.033 (0.022 (0.031
Lag price 0.438*** 0.405*** 0.155*
(0.075 (0.072 (0.073
Constar 7.211%** 2.31¢ 5.713*
(2.206 (1.493 (2.239
R? 0.11 0.1¢ 0.11
Observation 432 432 36(

Note: The dependent variable is the price propbyeskller Standard errors in the parentheses are
clustered at the individual levél;significant at 10%, ** significant at 5%, *** sigficant at 1%.

We have two conjectures regarding this ingroup-autg price differentials. One

conjecture is that anticipating their offers arerenlikely to be accepted by ingroup

buyers, opportunistic sellers take advantage lof itharging ingroup buyers a higher

price. The other conjecture is that, anticipatingdys would favor their ingroup, sellers
try to offer competitive (i.e., lower) prices towihe business whenever proposing to
their outgroup buyers. Over all, sellers’ priceenfincreases with the buyer and seller
joint payoff (variableTotal surplug, but the effect varies across treatments andlgsof
The effect is 0.1 < 0.05) in profile 1 of the Paintings treatmen@3Y ¢ < 0.10) in
profile 2 of the Majors treatment, and close tazearother casep( 0.10). The variable

13 In profile 2 of the Paintings treatment, the ingsebutgroup price difference is -0.332, not sigifitly
different from zerogf > 0.10).

4 The average proposed price is 9.6 tokens in pfiland 2, respectively, for the Paintings treatme
10.0 and 8.4 in profiles 1 and 2 for the Majoratneent, 11.0 and 9.2 in profiles 1 and 2 for theticd
condition.
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Lag priceenters with a significant positive effept<€ 0.05 for profile 2 in control, ang
< 0.01 for all others), indicating substantial stdependence of sellers’ price offers over

prices of the previous round. This gives us re3ult

Result 3: Sellers differentiate ingroup and outgravthen making price offers. On

average, outgroup sellers charge a lower price tivgroup sellers.

The results above suggest that the presence opgaftects both partner
selection and price in markets. Result 1 showsithatofile 1, all else being equal, both
sellers and buyers show preferences for ingrowetpartners relative to outgroup
counterparts. Result 3 shows ingroup and outgreige pifferentials, with the outgroup
sellers charging a significantly lower price. Tmay be because that the disutility from
rejecting disadvantageous ingroup offers (resudtltbvs ingroup sellers to increase
prices (result 3) and therefore works in the ingreallers’ advantage. Or the outgroup
sellers, in anticipation for the buyers’ intergrquieferences, try to compete with ingroup
sellers by undercutting the latter’s price. Thesdihgs are consistent across the
Paintings and Majors treatments.

In profile 2, the group differentiation diminishes)d even reverses in some cases,
and the effects vary across treatments. For exanmppeofile 2 of the Majors treatment,
sellers are equally likely to propose to ingroud antgroup buyers, rather than showing
ingroup favoritism as they did in profile 1. In fite 2 of the Paintings treatment, sellers
are more likely to make offers tutgroupbuyers. This change in sellers’ preferences
may be due to variety seeking (Clevial 2006, Hseet al 2003, Kim and Drolet 2003,
Kapuscinski and Chintagunta 1999, Kadtral 1986). More interestingly, in profile 2 of
the Majors treatment, when sellers do not discrat@rbut buyers prefer ingroup sellers,
there are still considerable intergroup price défgials. In contrast, in profile 2 of the
Paintings treatment, when buyers’ intergroup biaampears the ingroup-outgroup price
differentials vanish as well. This is consistenthwaur hypothesis that the price
differentials we observe (in profile 1 for the Raigs treatment and both profiles in the
Majors treatment) may be triggered by buyers’ igteup preferences in selecting sellers

and sellers’ rational expectations regarding buyers
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5. Conclusion

We reported a lab experiment to analyze the impBgtoup identity in an
oligopolistic market with a few buyers and selletso interact with each other
repeatedly. We found that sellers are more likelgnake offers to ingroup buyers, but
the effect varies with the seller-buyer intrinsieferences. Buyers are more likely to
accept offers from ingroup sellers than from outgrsellers, and anticipating buyers’
ingroup favoritism, outgroup sellers react by dfiglower prices than ingroup sellers.

We acknowledge that our design misses some potgrmidical market features.
One feature is that price offers made by sellethigstudy are static as opposed to
dynamic. That is, offers are made once in eachd@na cannot be revised before the
next round. This captures certain types of markatsiot others. The second limitation
pertains to the fact that the social ties in thiglg arise from pre-determined groups
rather than emerging from dynamic interaction.dnteast, in the real world markets
social ties may develop from learning, commitmedmnesources to joint operations, joint
investments, etc. (Jap and Haruvy, 2007). Sincgethspects are relatively more difficult
to be replicated in a lab setting and our primarglgn this study is to identify the
existenceof the impact of group identity on market trangat, this paper is limited in
its capacity to address these issues. Furtherradsesaneeded for the current results to be
generalized to broader market settings.
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Appendix A. Survey in the college Majors treatment
(The following survey was used for business majors.

Please answer the following survey questions. Yamswers will not affect your earnings during
this experiment and will be used for this studyyoihtdividual data will not be exposed.
1. What is your major? _ Business __ Engdimge
2. What is the major of most of your friends on pais?
3. Please list three characteristics that your migjdifferent from the engineering major.
4. Please list three characteristics that your mgjsimilar to the engineering major.
5. Please rate on a 5-point scale from “strongbagliee” to “strongly agree” with the following
statements.
a). Being a business major is an important pantaf | am
(Summary statistics: Mean 3.5, median 4, standaviatien 1.3, min 1, max)5
b). Being a business major is an important pathefimage that | project.
(Summary statistics: Mean 3.5, median 4, standaviatien 1.3, min 1, max)5
¢). Being a business major is a source of priderfer
(Summary statistics: Mean 4.0, median 4, standaviatien 1.1, min 1, max)5
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Appendix B: Experimental Instructions (Sample for the Paintings treatment)

WELCOME!
Below you will find a short description of two kaytists in the expressionist movement.

Prior to this experiment, you were asked to chdmte/een pairs of paintings. Each pair
contained a painting by Kandinsky and a paintinglee. We classified you into one of two
groups, according to your choices. If the majooityour choices were Kandinsky, you are
classified as Kandinsky. If the majority of youroites were Klee, you are classified as Klee.

At the end of the experiment, we will compare thierage earnings of the Klee and Kandinsky
groups and write the average earnings of each groupe board.

Now, we will explain how your choices in this exipeent affect your earnings.

In this experiment you are assigned the role tieeiSELLER or BUYER. SELLERS can make a
price offer to one of three buyers. BUYERS can pteeprice offer from one of three sellers. The
price is added to the earnings of the seller abttacted from the earnings of the buyer. You are
predetermined to be a seller or a buyer.

Sellers are assigned values over buyers. Thesesvate displayed on the screen in front of them.
These values remain fixed over time until you afd otherwise. If a seller sells to a particular
buyer, the seller gets the value of that buyehéoseller plus the price stated in the offer. For
example, if the screen in front of a participanttia role of seller 1 says:

You are Seller 1:

Value of buyer 1toyou 35
Value of buyer 2 to you 15
Value of buyer 3 to you 25

Then by selling to buyer 2 for a price of 5 thetiggrant in the role of seller 1 would get 15 +5 =
20 tokens.

Buyers are assigned values over sellers. Theses/ahe displayed on the screen in front of them.
These values remain fixed over time until you atd btherwise. If a buyer accepts an offer from
a particular buyer, the buyer gets the value dfskler to the buyer minus the price stated in the
offer. For example, suppose the screen in frobiuger 3 says:

You are buyer 3:

Value of seller L toyou 15
Value of seller 2 to you 35
Value of seller 3 to you 25

If seller 2 made buyer 3 an offer of price=7 argl lblyer accepted, then buyer 3 would get 35 -7
= 28 tokens by accepting seller 2’s offer.

If you are a seller, it is important to keep in thihat there are two other participants also in the
role of seller. They are also going to try and el buyer. If you and another seller make offers
to the same buyer, that buyer can only acceptfan odbm one of you.

If a participant in the role of a buyer receivesaffer, he should type ‘0’ in the decision textare
and then press CONTINUE.
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Each period proceeds as follows: First, each sdeides which buyer he will make an offer to
and at what price. Next, each buyer decides whatlbrés offer to accept, if any seller made an
offer to him in the first stage.

In the case more than one seller made an offéretgame buyer, all but one of the sellers who
made an offer to the same buyer will be unmatcheabat market.

You will be shown the values of buyers to sellerd the values of sellers to buyers in each
period.

After each period, you will also find out which ryeach seller made an offer to, at what price,
and to whom each seller and each buyer is matdirege will be given on your screen after the
end of each period.

At the beginning of the experiment you will havet@Rens as a starting fee. If you make your
choices wisely, you will earn additional tokens,iethwill be translated into dollars at the end of
the experiment (200 tokens = $1). Your cumulatiaimgs will be displayed on the screen at all
times.

You may also lose money: If you end up being unhreddo a buyer or to a seller in any market,
you will lose 1 token in that market.

You will repeatedly make decisions in 50 periodsulyearnings will be the sum of all tokens
you earned.

The Values of Sellers and Buyers: There are twoevptofiles that will be used in the
experiment. In the first 25 periods, Profile 1 vii# used. In the next 25 periods, Profile 2 will be
used. The values of buyers to sellers are givéndrop panel and the values of sellers to buyers
are given in the bottom panel. For example in pedfitop panel, value of buyer 2 to seller 3 is
35. This, plus the price, is what seller 3 willrearhen he gets matched to buyer 2. In the bottom
panel value of seller 3 to buyer 2 is 25. This, usiprice, is what buyer 2 will earn when he gets
matched to seller 3.

Periods 1-25: Profile 1

Payoffs of Seller— This is thi number of tokens a participant in the role of a BER would
earn by matching with a buyer, in addition to thiee

Buyer 1| Buyer 2| Buyer 3
Seller1| 35 25 15
Seller2 | 25 35 15
Seller 3| 15 35 25

Payoffs of Buyers — The number of tokens a paditimn the role of a BUYER would earn by
matching with a seller, before subtracting price

Seller 1| Seller 2| Seller 3
Buyer 1| 15 25 35
Buyer 2| 15 35 25
Buyer 3| 35 15 25
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Periods 26-50: Profile 2

Payoffs of Sellers — This is the number of tokepartcipant in the role of a SELLER would
earn by matching with a buyer, in addition to thiee

Buyer 1| Buyer 2| Buyer 3
Seller1| 15 35 25
Seller2 | 15 25 35
Seller3 | 25 35 15

Payoffs of Buyers — The number of tokens a padittin the role of a BUYER would earn by
matching with a seller, before subtracting price

Seller 1| Seller 2| Seller 3
Buyer 1| 35 15 25
Buyer 2 | 15 25 35
Buyer 3| 35 25 15

Appendix C. Screenshots of the Paintings treatment

[Decision screen for seller]

1 outor §0

You are Seller 2
Your preference is Kandinsky

Your cummulative earnings are 10.

Preference of buyer 1 Klee
Preference of buyer 2 Kandinshy

Preference of buyer 3 Kiee

Walue of buyer 1to you 25
Value of buyer 2 ta you 35

Value of buyer 3 to you 18

Youwish to make an offer to buyer. l:l
s ]
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[Decision screen for buyer]

Period

1 outef &0

You are Buyer 3
Your preference is Klee

Your cummulative earnings are 10.

Preference of seller 1 Kandinsky
Preference of seller 2, Kandinsky

Preference of seller 3, Kandinsky

Yalue of seller 1 to you: 35
“alue of seller 2 to you:

“alue of seller 3 to you:

In the most recent period:
Seller 1 made an offer to buyer 1 at a price = 30 tokens
Seller 2 made an offer to buyer 1 at a price = 13 tokens

Seller 3 made an offer to buyer 2 at a price = 20 tokens

You wish t accept an offer from seller (to accent no offers, lsave the space blank or enter 0) |:|

[Feedback screen: similar to sellers and buyers]

Period

1 outef 50

You are Buyer 1

Last period you were matched with seller 1 at a price =30 tokens.
Your earnings this period were -15.

Your cummulative earnings are 5.

In the most recent period:
Seller 1 made an offerto buyer 1 at a price =30 tokens, and got buyer1
Seller 2 made an offer to buyer 1 at a price = 13 tokens, and got no one.

Seller 3 made an offer to buyer 2 at a price = 20 tokens, and got buyer2
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