
At the heart of the game is a moral hazard problem that must be over-
come if trades are to be successfully executed. With no common history
or common future among traders that could give them the opportunity
to reward or punish each other, and with no other kind of external (say,
legal) enforcement, the seller can profit from not sending the item or
sending poorer quality than promised. That is, the seller’s pecuniary
motive in the figure 1.1 game dictates that he keep the money along
with his endowment. In this case, the buyer would lose his endowment
and end up with nothing. Anticipating this moral hazard, buyers may
not be willing to buy. As a consequence, trading that would make every-
one better off would not take place. This is the essential trust dilemma
that economic and social interactions—whether they be online or of-
fline—need navigate.6

Economic theory presumes that under the given circumstance all ra-
tional sellers will fall to moral hazard, and consequently, all trustworthi-
ness, and therefore trust, will vanish. However, the standard models as-
sume that people are guided solely by pecuniary concerns. In reality,
people care about other things as well. In fact, in trust games and related
anonymous one-shot games (like the prisoner’s dilemma game and the
ultimatum game), psychologists, sociologists, experimental economists
and others have identified several nonpecuniary motives that are im-
portant drivers of behavior in these situations. Most prominent in the re-
cent economics literature are concerns for fairness (Fehr and Schmidt
1999; Bolton and Ockenfels 2000) and reciprocity (Rabin 1993; Dufwen-
berg and Kirchsteiger 2004). These social preference models assume that
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Figure 1.1 The Buyer-Seller Encounter
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game, possibly reflecting the hope that repeated action will support
more cooperation. But the dynamics reveal that buyers respond to the
fact that, on average, this expectation was disappointed: they start out
by trusting quite a lot, but trust quickly collapses. In fact, the percentage
of last round trust was only 0.04 percent, much less than in the one-shot
game, indicating that buying in the one-shot game is mainly due to inex-
perience.

In sum, economic theory underestimates the degree of cooperation in
one-shot encounters of anonymous traders; there is intrinsic trustwor-
thiness. To the extent people cooperate, the need for a reputation system
is diminished. However, in our setting there is not enough intrinsic mo-
tivation to stabilize positive reciprocity in an anonymous community
without external enforcement. In this sense, economic theory is right: re-
lying on solely intrinsic motivation will not, in the long run, lead to sat-
isfactory cooperative behavior.

Extrinsic Motivation: What Is the Gain of
Introducing a Perfect Reputation System?

Here we look at how well reputation systems provide an external en-
forcement device that may help overcome the cooperation problems in
anonymous communities. A number of other external factors influence
trust and trustworthiness. Elsewhere in this volume, Karen Cook and
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Figure 1.2 Strangers Treatment

E
ff

ic
ie

nc
y

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%
0%

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29

Round

Strangers

Source: Reprinted with permission from Bolton, Katok, and Ockenfels (2004a). Copyright
2004, the Institute for Operations Research and the Management Sciences, 7240 Parkway
Drive, Suite 300, Hanover, Md. 21076, U.S.A.



the strangers market. In fact, the shipping probability is slightly higher
than the threshold of 70 percent for trust being profitable. As a conse-
quence, the trade dynamics also look quite different than in the strangers
market; trading starts at about the same level as in the strangers market
and remains stable until the very last rounds, when the strategic value
of having a reputation for being trustworthy vanishes and virtually all
cooperation collapses.

We conclude that introducing a perfect reputation system in a market
with strangers has a strongly positive impact on trust, trustworthiness,
and trading efficiency. Both buyers and sellers respond strategically to
the information provided. At the same time, however, the experiment
demonstrates the serious limits of perfect reputation systems in promot-
ing cooperation. The realized surplus as a proportion of potential sur-
plus is only 41 percent. The gain from introducing a perfect system into
a strangers market, described earlier, as a proportion of the maximal po-
tential gain is 41 – 14 = 27 percent, well below what would be expected
theoretically (see Bolton and Ockenfels 2008). Obviously, trader behav-
ior is different from what we expect from theory, in a way that limits the
effectiveness of reputation systems.

What Behavior Limits the Effectiveness of
Reputation Systems?

We have seen that even though reputation systems can build on intrinsic
motivations to cooperate, their effectiveness is less than what can be ex-
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Figure 1.3 Reputation Market

E
ff

ic
ie

nc
y

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%
0%

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29

Round

Reputation
Strangers

Source: Reprinted with permission from Bolton, Katok, and Ockenfels (2004a). Copyright
2004, the Institute for Operations Research and the Management Sciences, 7240 Parkway
Drive, Suite 300, Hanover, Md. 21076, U.S.A.



pected from theory based on purely selfish traders. What is the source of
these limitations?

Because the feedback system in the experiment is perfect with regard
to the information it delivers, we need to look at departures from fully
rational behavior for answers. Evidence in the data indicates that for-
ward looking behavior is more limited than theory anticipates. Perhaps
the strongest evidence for this is that out-of-equilibrium behavior is ob-
served in the early rounds of play (see figure 1.4). For instance, the sell-
ers’ payoffs are strongly positively correlated with the overall number of
shippings; the Spearman rank correlation is 0.504 (p = .000). Shipping
early is not only trustworthy and fair, it also pays. However, many sell-
ers have difficulty understanding the future benefits of being nice.
About 40 percent of the sellers in the reputation market who receive an
order in the first round of the market fail to ship.

Evidence also indicates that traders learn from looking back, a kind of
learning the equilibrium model does not anticipate. For example, repu-
tation market sellers are actually more inclined to ship in the middle
rounds of the market than at the beginning. And in the strangers mar-
ket, the 65 percent of buyers who start out trusting quickly learn that
they should not. This behavior is consistent with low-rationality adap-
tive learning models that suggest that people come to strategic games
with rough priors and adjust these priors according to the payoff rein-
forcement they get from experimenting with various strategies (see Erev
and Roth 1998). Davide Barrera and Vincent Buskens, in the following
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Figure 1.4 Partners Market
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with someone who last played keep as a mover. If you play keep as the
reciprocity strategy stipulates, then the next time you are the receiver,
you can expect the mover to play keep on you (if others too play the rec-
iprocity strategy). Consequently, you make more money playing give
(lose c now, pays b later) than playing keep (gain c now, pays 0 later).
The problem is that if enough people decide to give to keepers then it
pays to be a keeper. And if it pays to have a bad reputation, then why
have a good one?

So, this kind of first-order information about what the opponent did
last time as a mover is, theoretically, not enough to stabilize cooperation.
If we add second-order information, the receiver’s reputation would in-
clude not only what he did last time as a mover, but also what the re-
ceiver he faced did last time as a mover. For example, the reputation
might reveal that the receiver last played keep with a player who last
played give. This amount of recursive information pushes the unravel-
ing problem back by a step. To see this, consider a mover who, for the
first time, encounters a receiver who played keep on a giver. To support
his punishment, keeping on a keeper would have to be rewarded, mean-
ing that there needs to be giving to someone who gives to a keeper—
which is not consistent with self-interest because keeping on a keeper
pays more. So now players would have to think two steps ahead and be
confident others do so as well before cooperation would unravel.

Of course, thinking three steps ahead is still not enough. To stabilize
cooperation in a population of rational traders, one would need the en-
tire transaction histories of basically all traders. For this reason, some
theorists have cautioned that indirect reciprocal systems might not be
stable outside very small groups, where information demands are rela-
tively modest.

Boundedly rational traders, however, often do not think many steps
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Figure 1.5 Mover Meets Receiver in Image Scoring Game
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Conclusions

What we learn from the experimental and theoretical work is that it is
the interplay of institutions with bounded rational behavior that drives
the results. No doubt, institutions matter, but behavioral aspects of rep-
utation-building matter as well. As a result, standard economic models
based on full rationality and narrow self-interest tend to overestimate
the difficulties of promoting trust in one-shot situations, and underesti-
mate the difficulties in ongoing interaction in communities of strangers.

Because the laboratory reputation systems we study here are perfect,
the limits of their effectiveness cannot be the result of institutional de-
fects but must be due to behavioral defects. That is, the restraints that
we observe are rooted in boundedly rational behavior. There are basi-
cally two types of noisiness in the behavior that significantly affect the
functioning of the institutions. For one, bounded rationality can directly
affect trust and trustworthiness though nonrational choices. Besides dif-
ficulties that arise when handling complex reputation measures, we ob-
serve that real traders have difficulties coping with reputation-building
dynamics. Many traders fail to look forward enough and to fully take
into account the future consequences of current behavior. Other behav-
iors are characterized by too much backward looking and simple, adap-
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Figure 1.6 Giving Levels (Averaged over All Rounds)
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every Ego receives information from two other Egos, one (Ego 2) play-
ing with her Alter (Alter 1) and the other (Ego 3) playing with another
Alter (Alter 2). Thus the structure of the information network varies
within subjects: every participant plays three supergames of fifteen
games each, one for every network type, in a fixed order: in the first su-
pergame she has a tie to Ego 2 only; in the second supergame she has a
tie to Ego 3 only; and in the third supergame she has two ties, one to
Ego 2 and one to Ego 3. This design is used to analyze how subjects
process information coming from different sources. The order of the
three parts of the experiment is kept constant for every subject to pro-
vide subjects with the same sequence such that they have similar
amounts of experiences in each of the supergames.

The amount of information carried by the ties between Egos is also
manipulated: information can be full or partial. If a tie carries full infor-
mation, subjects at both ends receive information about both the amount
sent by the other Ego and the amount returned by the related Alter for
every game previously played. By contrast, if a tie carries only partial in-
formation, subjects at both ends receive information only about the
amount sent by the other Ego, but not about the amount returned by the
related Alter.

In practice, the manipulation was implemented through the informa-
tion subjects obtained in their history boxes at the screen. For example,
assume that Ego in figure 2.1 has a tie to Ego 2 carrying partial informa-
tion and a tie to Ego 3 carrying full information. In this case, her history
box displays the amount sent by herself to Alter 1 and the amount re-
turned by Alter 1 to herself for all games previously played (this infor-
mation is always available for all players in all experimental conditions).

Third-Party Effects 49

Figure 2.1 Experimental Networks
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jects within networks, we run also interval regression models with a
random term for subjects, as explained in the methods section. To com-
pare the experimental conditions, we include dummy variables for the
main effects of uncertainty and information conditions concerning the
relevant ties as well as interaction effects between uncertainty and infor-
mation conditions. These analyses confirm that information about Ego 2
has a positive effect on trust in the first as well as the third supergame,
and that information about Ego 3 has a negative effect on trust in the
second supergame under uncertainty. In the third supergame the level
of trust seems, under uncertainty, to be slightly lower for full than for
partial information about Ego 3 likewise, but this difference is not statis-
tically significant. We will pay more attention to this unexpected nega-
tive effect of information about Ego 3 when we analyze the dynamics in
more detail in the following subsection.

Figures 2.2 and 2.3 also show that trust declines over time. Although
this reduction seems to depend on the conditions, we did not find in-
teraction effects between conditions and the number of periods to be
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Figure 2.2 Average Sent per Period in First and Second Supergame
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played, on the amount sent to Alter. The end-game effect can be ob-
served by the strong decline in trust in the last period of the second and
third supergame. It seems that subjects need some experience to realize
that trust can easily be abused in the last period and that they could
have been more cautious in the first supergame. Additional descriptive
information on the results of the experiment, including separate tables
and graphs for each experimental condition, can be found in Barrera
(2005, chapter 3).

Tests of the Hypotheses

Because different subsets of mechanisms are applicable in each su-
pergame and because there might be spillover effects between su-
pergames, the three supergames are analyzed separately. For every su-
pergame, two models are presented. Model 1 includes only main effects,
and model 2 includes main effects as well as the interaction terms with
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Figure 2.3 Average Sent per Period in Third Supergame
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Table 2.1 Experimental Conditions

FFC FFU PPC PPU FPC FPU PFC PFU
(N = 36) (N = 36) (N = 36) (N = 36) (N = 36) (N = 30) (N = 36) (N = 36)

Tie to Ego with her Alter Full Full Partial Partial Full Full Partial Partial
Tie to Ego with another Alter Full Full Partial Partial Partial Partial Full Full
Multiplier m 3 2 or 4 3 2 or 4 3 2 or 4 3 2 or 4

Source: Authors’ compilation.
Note: Number of subjects per condition in parentheses.



Table 2.2 Random-Effects Interval Regression

First Supergame Second Supergame Third Supergame 
(Ego 2) (Ego 3) (Ego 2 and Ego 3)

Expected
Hyp. Variables Sign Model 1 Model 2 Model 1 Model 2 Model 1 Model 2

Full information with Ego 2 0.40 0.40 0.41 0.41
Full information with Ego 3 –0.63 –0.65 –0.68 –0.68
Uncertainty 0.30 0.03 –0.19 0.09 0.23 0.51
First round 3.70** 3.69** 5.68** 5.69** 5.97** 5.89**
Ego’s past trustfulness 3.16** 3.15** 3.72** 3.73** 3.93** 3.85**

1 Dyadic learning 1 (amount earned) + 0.24** 0.24** 0.33** 0.33** 0.43** 0.43**
1 Dyadic learning 2 (proportion returned) + 0.71** 0.64** 2.38** 2.53** 1.62** 1.63**
2a Dyadic control + 0.22** 0.22** 0.51** 0.51** 0.41** 0.42**
2b Last round – –0.53 –0.53 –1.48** –1.48** –3.83** –3.80**
3a Network learning (Ego 2) + 1.30* 1.10 –0.61 -0.04
3b Network learning (Ego 3) + 0.26 0.09 1.24 2.12*
4a Imitation (Ego 2) × full information + 1.11** 1.11** 2.40** 2.32**
4a Imitation (Ego 2) × partial information + 1.33** 1.33** 1.29** 1.30**



4b Imitation (Ego 3) × full information + 0.01 –0.01 –1.12* –1.06*
4b Imitation (Ego 3) × partial information + 0.74* 0.76* –0.43 –0.43
5a Envy (Ego 2) – –3.31** –3.32** –0.75 –0.74
5b Envy (Ego 3) – –0.03 0.01 –2.06 –3.96*
6 Network control + –0.02 –0.02 0.05 0.04
7a Dyadic learning 2 × uncertainty – 0.15 –0.29 0.07
7b Network learning (Ego 2) × uncertainty – 0.48 –1.26
7b Network learning (Ego 3) × uncertainty – 0.27 –2.11
7c Envy (Ego 3) × uncertainty + –0.04 3.97*

Constant 0.31 0.46 –3.56** –3.71** –2.58** –2.72**

Standard deviation of subject level 
random effect 1.65 1.66 1.78 1.76 2.15 2.18

Standard deviation of residual 3.60 3.60 4.58 4.58 4.56 4.55
Log likelihood –4943.4 –4942.9 –4369.7 –4369.1 –4080.1 –4077.9
Number of observations 2700 2700 2700 2700 2700 2700
Number of subjects 180 180 180 180 180 180

Source: Authors’ compilation.
Note: One-sided significance for effects for which hypotheses are indicated in the table and two-sided significance for the other variables.
** p < .01, * p < .05



computer screen. The screen is divided into an upper section and a
lower section. The upper section displays commodities placed for sale
by other players. The lower section displays those the player has pro-
duced and placed for sale. Information related to the player’s personal
account is also displayed. In the example shown in figure 3.1, the other
players have placed ten commodities on the market. Each box in the
upper section represents a commodity. In the box in the lower-left cor-
ner, for example, the seller-producer to-me-ko sells a commodity for ¥40,
advertising its quality level to be ¥30. Note that the identity of the pro-
ducer-seller is provided in this example, but this is not always the case.
Note also that the original screen is written in Japanese, not English. The
player’s identity is expressed in three randomly assigned Japanese char-
acters. Because the commodities the player has produced do not appear
for that player, each player’s screen is unique. Furthermore, the boxes in

Solving the Lemons Problem 81

Figure 3.1 Image of Computer Screen of Identity Condition of
Experiment 1 

Source: Authors’ compilation.
Note: All characters are translated from Japanese.



further interesting findings. Figure 3.3 shows the average fraudulence
level—the difference between the advertised quality and the true qual-
ity—in the three conditions. For example, a commodity advertised as
having a quality level of 80 but having a true quality of 30 receives a
fraudulence score of 50 (80 – 30). The fraudulence level was much
higher in the anonymity condition than in the other two conditions. In
the ANOVA of the fraudulence level for the forty-five-minute session,
the main effect of the conditions was significant, F(2, 39) = 5.36, p < .01.
The main effect of the time block, F(8, 312) = 1.93, p < .06, and the condi-
tions × time blocks interaction effect, F(16, 312) = 1.56, p < .08, were mar-
ginally significant. For the twenty-minute session, the main effect of the
conditions was significant, F(2, 39) = 3.61, p < .01, and so were the main
effect of the time blocks, F(3, 117) = 2.93, p < .05, and the interaction ef-
fect, F(6, 117) = 4.74, p < .001. 5
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Figure 3.2 Average Quality Level of Produced Commodities in
Experiment 1
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We also examined how accurately buyers reported their experience
with the sellers from whom they made purchases. For this analysis, we
calculated a correlation for each participant between the fraudulence
scores of the commodities purchased and the evaluation scores given to
the sellers of those commodities. To avoid confusion, we reversed the
sign of the correlation, so that high scores reflect honest evaluations and
low scores reflect dishonest evaluations. We call this inverse of the corre-
lation the index of honest evaluation. The average index score of honest
evaluation in the reputation condition was .67 (p < .0001) in the forty-
five-minute session and .73 (p < .0001) in the twenty-minute session.
These results indicate that the participants in this experiment reported
their personal experience-based information to be shared with others
fairly accurately.

In conclusion, the results of the first experiment replicate the findings
of Bolton and his colleagues (reported in chapter 1, this volume) about
the effects of reputation and provide support to the first three hy-
potheses presented earlier in this chapter. The market for lemons did
emerge in the anonymity condition as the quality of the goods in this
condition was reduced to the lowest level (hypothesis 1). Moreover,
being able to identify the sellers by name (hypothesis 2) and having rep-
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Figure 3.3 Level of Dishonesty in Experiment 1
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tion condition and highest in the positive reputation condition. Neither
the main effect of the conditions in the condition x trial block ANOVA of
the average quality (F(2, 59) = 0.72, ns) nor of the trial block (F(8, 472) =
1.65, ns) were significant. On the other hand, the condition x block inter-
action was highly significant (F(16, 472) = 5.05, p < .0001). The interac-
tion effect indicates that the predicted differences in the average quality
gradually emerged over time; the effect of the conditions reached the
significance level in the last trial block (F(2, 59) = 5.07, p < .01). These re-
sults provide general support for the fifth hypothesis.

Hypothesis 4 asserts that the average quality level in the second ex-
periment should fall in between the anonymity condition and the iden-
tity or the reputation condition of the first experiment. The results in fig-
ure 3.4 show that this is in fact the case. Table 3.1 reports the overall
average quality of the commodities and the average quality during the
last five minutes in the three conditions of the second experiment. The
table also reports the same means for the three conditions of the first ex-
periment as well as the statistical differences of the means in the second
experiment from each of the three conditions of the first experiment.
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Figure 3.4 Average Quality in Experiment 2 Versus Experiment 1
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level in the FID condition (51.57, sd = 28.05) was higher than that in the
anonymity condition (22.03, sd = 12.15), and the difference was highly
significant (t(104) = 8.31, p < .0001). This difference is statistically signifi-
cant even when group means instead of individual responses are used
as the unit of analysis (t(4) = 4.47, p < .05).

The third hypothesis also receives a clear support. The average qual-
ity level in the No-Mix condition (64.95, sd = 17.27) was significantly
greater than that in the anonymity condition (t(58) = 15.19, p < .0001, at
the individual level; t(13) = 12.43, p < .0001 at the group level). Further-
more, even the higher level of quality in F-Mix indicates that the success
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Figure 3.5 Average Quality over Eleven Days

90

80

70

60

50

40

30

20

10

0

A
ve

ra
ge

 q
ua

lit
y 

le
ve

l

987654321

Elapsed days

Anonymity

Fixed ID (FID)

Mixed reputation (No-Mix)

Fixed ID & mixed reputation (F-Mix)

Variable ID & mixed reputation (V-Mix)

Variable ID & negative reputation (V-Neg)

1110

Source: Authors’ compilation.



From the table, it is clear that the average quality level in all three condi-
tions of the second experiment was higher than that in the anonymity
condition of the first experiment. That is, reputation had at least some
effect in alleviating the lemons problem even when identity change was
allowed. At the same time, the average quality level in the three condi-
tions in the second experiment was generally lower than that in the
identity condition or the reputation condition of the first experiment.
This finding indicates that the effect of reputation or identity alone, with
no identity change, is stronger than the effect of reputation and identity,
with identity changes. Specifically, as predicted by the fourth hypothe-
sis, the average quality in the mixed reputation condition was substan-
tially lower than the average quality in the reputation condition of the
first experiment.

The average index of honest evaluation (see the first experiment) was
.57 in the mixed reputation condition, .41 in the positive reputation con-
dition, and .66 in the negative reputation condition. All of these figures
are significantly greater than 0, p < .0001. This suggests that the weaker
effect of reputation observed in the second experiment is not due to the
participants’ unwillingness to honestly and accurately report their eval-
uations of the sellers.

On average, participants changed their identities 1.75 times in the
positive reputation condition, 7.00 times in the mixed reputation condi-
tion, and 10.17 times in the negative reputation condition. These differ-
ences were highly significant (F(2, 63) = 4.39, p < .05). The correlation be-
tween the frequency of identity changes and reputation was negative in
the positive reputation condition (r = -.56, p < .05) and the mixed reputa-
tion condition (r = –.41, p < .05). The correlation between frequency of
identity changes and reputation was positive, though not significant (r =
.41, ns) in the negative reputation condition. These results suggest that
those who acquired high reputation scores maintained their brand names
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Table 3.1 Average Quality in Experiments 1 and 2

Experi-
ment Condition Overall Average Last Five Minutes

1 Anonymity 29.65 (21.95) iiii, rrrr 11.96 (4.33) iiii, rrrr

1 Identity 70.76 (25.28) aaaa 67.89 (30.53) aaaa

1 Reputation 71.07 (17.44) aaaa 77.31 (18.82) aaaa

2 Mixed reputation 44.10 (19.94) a, ii, rrrr 45.31 (27.12) aaaa, i , rrr

2 Positive reputation 48.46 (22.02) a, ii, rr 60.28 (36.22) aaaa

2 Negative reputation 38.94 (20.60) iiii, rrrr 26.39 (17.62) aa, iii, rrr

Source: Authors’ compilation.
Notes: Difference from anonymity, a < .05, aa < .01, aaa < .001, aaaa < .0001
Difference from identity, i < .05, ii < .01, iii < .001, iiii < .0001
Difference from reputation, r < .05, rr < .01, rrr < .001, rrrr < .0001



tion between levels of trust and trustworthiness, as would be expected.
The aggregate differences between the two groups are statistically signif-
icant using a two-sample Wilcoxon rank-sum test (p-value < .01).

The round-by-round trading patterns in the two cultures can be seen
in the plots of trust in figure 4.1, perceived trustworthiness in figure 4.2,
and actual trustworthiness in figure 4.3. As before, trust is defined as the
percentage of buyers who chose to buy, and trustworthiness is the per-
centage of sellers who chose to ship. Perceived trustworthiness is the
buyers’ assessment of the probability that the seller will ship in that
round. In all three figures, data for a trading period have been aggre-
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Table 4.2 Aggregate Trust and Trustworthiness

United States India

Percentage of choosing buy (aggregate trust) 77% 56%
Percentage of choosing ship

(aggregate trustworthiness) 74% 49%

Total decisions 360 270

Source: Authors’ compilation.

Figure 4.1 Trust: Proportion of Buyers Choosing to Buy
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gated, within a culture, across all subjects and hence all experimental
sessions.

There are both similarities and differences between the trading pat-
terns of the two groups. The U.S. sessions start with fairly high levels of
trust and trustworthiness and remain fairly high for the first twelve
rounds. Average trust in the U.S. sessions for those rounds is 0.80, and
average trustworthiness is 0.81. On the other hand, the Indian sessions
begin with fairly low levels of trust, which increases until the fifth
round, and then dips sharply following a drop in trustworthiness in the
fifth period. The average trust in the first twelve rounds in the Indian
sessions is 0.6, and the corresponding average trustworthiness is 0.56.
For both groups, there is a drop-off in trust and trustworthiness in the
last few rounds, which can be attributed to the end-game effect—sub-
jects realize that a reputation will have little importance in the future as
the game draws to a close.

The logistic regression reported in model 1 in table 4.3 confirms sta-
tistically, at an individual level of analysis, the differences in trustwor-
thiness between the two groups of subjects. The outcome variable is the
sellers’ decision to ship or not ship. A dummy variable codes for the last
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Figure 4.2 Buyer Predictions of Seller Trustworthiness
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three rounds, to capture the endgame effect, and an ordinal variable
codes the round number for the first twelve rounds. Sellers are signifi-
cantly less likely to ship in the last three rounds, and trustworthiness de-
clines slightly during the first twelve rounds.

Similarly, the logistic regression in model 2 of table 4.4 statistically
confirms the difference in trust between the two groups. Indians trust
(buy) less compared to their U.S. counterparts, and in the experiment
are also less trustworthy than the U.S. subjects.

The models include random effects for the individual subjects to ac-
count for the correlated errors introduced by repeated measures from
the same subjects. Versions of the models with fixed effects for the ses-
sions showed no significant effects for the sessions within each culture,
so we have ignored session effects in the remainder of the analysis.

Our second research question was whether the differences in trust be-
tween the two groups reflect a difference in broad outlook, or whether
they can be explained by differences in the local environment of the ex-
periment. We answer this question in two stages.

First, we consider whether the trust differences can be explained as a
purely rational response to differences in trustworthiness of the interac-
tion partners. If this were the case, then Indian and U.S. subjects, when
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Figure 4.3 Trustworthiness: Proportion of Sellers Choosing to Ship
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ship, each player receives 50 points. If the buyer chooses to buy and the
seller chooses to not ship, the buyer gets 0 points and the seller gets 70
points. Figure 4A.1 illustrates the payoffs for different outcomes.

The exchange rate in the game is 1 dollar per 100 points.

• In each cell, the first number is the buyer’s payoff, and the second
number is the seller’s payoff

• After both players have made their decision, the computer reveals your
match’s decision and your payoff for the current round. The computer
also records the seller’s ship decision automatically, and reveals it in
the form of a feedback in the rounds where the buyer chooses to buy.

• If the buyer chooses to buy, and the seller chooses to ship, the seller
will get a positive feedback for this round. If the buyer chooses to
buy and the seller chooses to not ship, the seller will get a negative
feedback. If the buyer chooses to not buy in this round, the seller will
not get any feedback for this round.

information Throughout the game, you will be able to view the in-
formation about your transaction history on the left side of the screen.
The information about your current match will be displayed on the right
side of the screen.

Each player can view his or her total earnings in the session. The fol-
lowing set of information about a seller will be available to herself and
her current match:

• The number of items sold (the number of times the buyer chose to
buy from her).

• The number of positive and negative feedbacks.

• For each round, a seller can see whether she sold the item, her shipping
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Figure 4A.1 Payoffs
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Source: Authors’ compilation.



= 10 – 10 × (1 – Predicted Probability of buy)2
= 10 – 10 × (1 – 0.75)2 = 10 – 10 × (0.25)2 = 9.375

If your match actually chooses not buy, your payoff will be: Prediction
Payoff when buyer chooses not buy

= 10 – 10 × (Predicted Probability of buy)2
= 10 – 10 × (0.75)2 = 10 – 5.625 = 4.375

Note that your prediction payoff does not affect or depend on your
payoff in the actual game. The prediction payoff depends only on how
accurately you are able to predict your match’s choice. At the end of
each round you will be able to see your prediction payoff for that round.
This is true even when the buyer chooses not buy. In that case, the
seller’s ship decision is not revealed to the buyer, but the buyer and the
sellers still earn points for the accuracy of their predictions.

Since your prediction is made before you know what your match will
choose, the best thing you can do to maximize the expected size of your
prediction payoff is to simply state your true beliefs about what you
think your match will do. Any other prediction will decrease the
amount you can expect to earn as a prediction payoff.

The consent form explains your rights as a subject as well as the rules
of confidentiality that will be adhered to regarding your participation.

Screenshots
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Figure 4A.2 Buyer Screen: Prediction Task

Source: Authors’ compilation.
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Figure 4A.3 Buyer Screen: Trading Task

Source: Authors’ compilation.

Figure 4A.4 Seller Screen: Prediction Task

Source: Authors’ compilation.



Notes
1. We tested for the effect of academic status and gender as covariates and

found that the effects were not significant.
2. Results using only the first six sessions were similar to those with the full

seven sessions; the addition of the seventh session more definitively rules
out graduate student status as a confound.

3. There is not perfect colinearity because a seller does not get any feedback for
a round in which the buyer chose not to buy.

4. This could reflect previous experiences of the subjects with eBay in the
United States versus eBay in India, rather than a difference in general
propensity to trust strangers.
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Quarterly 26(3): 243–68.
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Figure 4A.5 Seller Screen: Trading Task

Source: Authors’ compilation.



formation about the buyer’s history, so could not predict the buyer’s ac-
tion based on the buyer’s history. Sellers were reminded, however, that
the buyer was looking at the seller’s history.

After each round, buyers and sellers were told how many points they
earned. Those points came from two sources. First, each subject received
a payoff for the transaction outcome, according to table 4.1. Second, each
received a payoff based on the accuracy of their prediction about their
partner’s action. Subjects were rewarded according to a proper scoring
rule, detailed in the appendix, so that a buyer maximized the expected
payoff by reporting his true beliefs about the probability that the seller
would ship. Because sellers chose shipping strategies contingent on
buyer actions, it was possible to evaluate the accuracy of a buyer’s pre-
diction of the seller’s action even when the buyer did not buy. This was
the reason for implementing a simultaneous move game rather than a
sequential game.

eBay Profile Assessment

After fifteen rounds of the game, the experiment was over. The subjects
answered a short demographic questionnaire. They then completed a
second task. Each subject was asked to assess twelve eBay feedback pro-
files. Subjects were reminded that on eBay not every transaction results
in feedback, so the percentage of positive feedback received might be
higher or lower than the actual percentage of happy customers. For each
profile, the subject was asked to state a probability that the seller with
the stated profile would complete a transaction as agreed in a timely
manner. The subject was also asked to give a brief textual explanation
for why they chose the particular number. The subjects were given fif-
teen minutes to complete the questionnaire.

Experimental Protocol

There were seven sessions in all, and twelve subjects in each session. For
logistical reasons, we conducted all our experiments in the United
States. All subjects were undergraduate or graduate students at the Uni-
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Table 4.1 Simultaneous Move Trust Game

Seller

Ship Not Ship

Buyer Buy 50, 50 0, 70
Not buy 35, 35

Source: Authors’ compilation.



tion between levels of trust and trustworthiness, as would be expected.
The aggregate differences between the two groups are statistically signif-
icant using a two-sample Wilcoxon rank-sum test (p-value < .01).

The round-by-round trading patterns in the two cultures can be seen
in the plots of trust in figure 4.1, perceived trustworthiness in figure 4.2,
and actual trustworthiness in figure 4.3. As before, trust is defined as the
percentage of buyers who chose to buy, and trustworthiness is the per-
centage of sellers who chose to ship. Perceived trustworthiness is the
buyers’ assessment of the probability that the seller will ship in that
round. In all three figures, data for a trading period have been aggre-
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Table 4.2 Aggregate Trust and Trustworthiness

United States India

Percentage of choosing buy (aggregate trust) 77% 56%
Percentage of choosing ship

(aggregate trustworthiness) 74% 49%

Total decisions 360 270

Source: Authors’ compilation.

Figure 4.1 Trust: Proportion of Buyers Choosing to Buy
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paired with partners having the same reputation histories, ought to
make the same trust decisions. In the experiment, the Indian and U.S.
subjects did not have partners with the same reputation histories. The
sellers’ profiles can be statistically controlled, however.

Model 3 in table 4.4 adds two independent variables—one for the
number of positive feedbacks in the seller’s profile and one for the num-
ber of negative feedbacks in the seller’s profile. There is a high degree of
multicolinearity between these variables and the period number, so we
drop the period number from the model.3 The model also includes inter-
action terms between culture and the new independent variables to ac-
count for the fact that Indians may be affected differently by the sellers’
feedback profiles. As expected, the more rounds in which a seller was
trustworthy, the more the buyer trusts; the more rounds in which a
seller failed to ship, the less the buyer trusts. Even controlling for the
seller’s history, however, there is a significant difference between Indian
and U.S. subjects in their trust decisions. For example, when faced with
a seller who has four positive and two negative feedbacks before the last
three rounds, the model predicts that a U.S. subject will buy (trust) 72.25
percent of the time, and that an Indian subject will do so 58.78 percent of
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Table 4.3 Logistic Regression for Seller’s Ship Decision

Outcome: Seller Ships Model 1

Culture –2.306
0 for United States, 1 for India (3.08)*

Periodforreg –0.096
Period for the first twelve periods (2.59)*

Last3 –3.224
Dummy variable indicating the last three rounds (7.93)*

Gender 0.195
0 = male, 1 = female –0.36

Grad 0.514
0 = undergrad, 1 = gradaute –1.25

Constant 2.656
(4.15)*

Observations 630
Number of uniqID 42

Source: Authors’ compilation.
Note: Absolute value of z-statistics in parentheses.
+ p < 0.10, ** p < 0.05, * p < 0.01
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Table 4.4 Buyer’s Buy Decision

Buyer Decision: Buy or Not Buy Model 2 Model 3 Model 4

Culture –1.162 –1.111 –1.186
0 = United States, 1 = India (3.79)* (2.47)** (2.09)**

Period 0.03
Period for first twelve periods –1.33

Grad 0.734 0.305 0.058
0 = undergrad, 1 = graduate (2.67)* –1 –0.14

Gender 0.336 0.327 0.333
0 = male, 1 = female –1.13 –0.98 –0.75

PartnerPlus 0.147 0.305
Seller’s past positive feedback (2.87)* (3.20)*

PartnerMinus –0.731 –0.469
Seller’s past negative feedback (6.47)* (2.76)*

Culture × PartnerPlus 0.079 –0.021
Interaction of culture and PartnerPlus –1.2 –0.2

Culture × PartnerMinus 0.215 0.109
Interaction of culture and PartnerMinus –1.38 –0.46

Last3 –0.96 –0.653
Dummy variable indicating last three periods (2.77)* (1.72)+

ExperiencePlus –0.136

Previous good experience –1.2
ExperienceMinus –0.725

Previous bad experience (2.75)*
Culture × ExperiencePlus 0.153

Interaction of culture and ExperiencePlus –0.97
Culture × ExperienceMinus 0.255

Interaction of culture and ExperienceMinus –0.83
Constant 0.71 1.447 1.877

(2.42)** (3.74)* (3.66)*

Observations 630 630 630
Number of uniqID 42 42 42

Source: Authors’ compilation.
Note: Absolute value of z-statistics in parentheses.
+ p < 0.10, ** p < 0.05, * p < 0.01
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Table 4.5 Buyer’s Assessment of Seller’s Probability of Shipping

Buyer’s Belief of Seller Trustworthiness Model 5 Model 6 Model 7

Culture –0.151 –0.135 –0.136
0 = United States, 1 = India (3.20)* (2.58)* (2.75)*

Period 0.005
Period for first twelve periods (1.73)+

Grad 0.1 0.024 –0.004
0 = undergrad, 1 = graduate (2.41)** –0.68 –0.13

Gender 0.064 0.05 0.039
0 = male, 1 = female –1.41 –1.28 –1.17

PartnerPlus 0.018 0.02
Seller’s past positive feedback (4.01)* (2.36)**

PartnerMinus –0.102 –0.099
Seller’s past negative feedback (9.28)* (6.14)*

Culture × PartnerPlus 0.01 0.012
Interaction of culture and PartnerPlus –1.55 –1.08

Culture × PartnerMinus 0.045 0.059
Interaction of culture and PartnerMinus (2.87)* (2.51)**

Last3 –0.122 –0.109
Dummy variable indicating last three periods (3.51)* (2.99)*

ExperiencePlus 0
Previous good experience –0.02

ExperienceMinus –0.019
Previous bad experience –0.9

Culture × ExperiencePlus 0.021
Interaction of culture and ExperiencePlus –1.36

Culture × ExperienceMinus –0.047
Interaction of culture and ExperienceMinus –1.64

Constant 0.667 0.761 0.78
(14.80)* (17.54)* (19.88)*

Observations 630 630 630
Number of uniqID 42 42 42

Source: Authors’ compilation.
Note: Absolute value of z-statistics in parentheses.
+ p < 0.10, ** p < 0.05, * p < 0.01



of a regression model predicting the probability that the subject will as-
sign to a profile, controlling for percentage of positive feedbacks in the
profile. To be sure that experiences in the previous trust experiment
were not directly carrying over to their assessments of the eBay profiles,
model 9 includes a control for the number of times the subject was
cheated by a seller during the experiment. Consistent with the findings
in the experiment, the Indian subjects assigned lower probabilities of
good seller behavior than the U.S. subjects did—about 4 percent lower
on average. For a seller with no previous feedback, the American sub-
jects assessed the likelihood of trustworthy behavior to be 51.9 percent,
and the Indian subjects assessed it to be 41.8 percent.

Discussion

The presence of a reputation system appeared to increase trust and
trustworthiness for both Indian and U.S. subjects. Buyers assigned
higher probabilities of good behavior to sellers with better feedback pro-
files and were more willing to risk transacting with them. Moreover, in
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Table 4.6 Probability Assessment

Stated Probability of Shipping Model 8 Model 9

Perc 0.005 0.005
Percentage of Positive Feedback (29.14)* (18.80)*

Culture –0.041 –0.071
0 = United States, 1 = India (2.42)** (2.01)**

Gender –0.003 –0.023
0 = male, 1 = female –0.22 –0.94

Grad 0.007 0.033
0 = undergrad, 1 = graduate –0.44 –1.25

ExperiencePlus –0.003
Previous good experience –0.59

ExperienceMinus 0.007
Previous bad experience –0.73

Constant 0.45 0.468
(21.95)* (8.27)*

Observations 1008 504
Number of uniqID 84 42

Source: Authors’ compilation.
Note: Absolute value of z-statistics in parentheses.
+ p < 0.10, ** p < 0.05, * p < 0.01



Figure 5.1 Rating of Internet Auctions

Source: Authors’ compilation and translation based on screenshots from Ricardo.ch.



study’s results are probably less reliable than the results of the two other
studies. Lucking-Reiley and his colleagues themselves classified their
analysis as explorative (2007).5

Looking out for sellers with good reputation, a buyer can reduce the
risk of becoming a victim of a fraudulent seller. But how can sellers pro-
tect themselves against cheating buyers? The buyer’s reputation does
not give a hold here because, usually, offerers cannot choose buyers.
Sellers, however, have the power to set the payment and delivery mode.

Depending on the payment mode, the risks in business between
anonymous actors are divided differently between the actors. In spot
transactions, where goods are exchanged against cash simultaneously,
the risks are distributed symmetrically (figure 5.2). By contrast, if pay-
ment is due in advance or as cash on mail delivery (figure 5.3) or on ac-
count (figure 5.4), the risks are divided unevenly between the interact-
ing partners. In terms of game theory, the symmetric payment mode
(figure 5.2) corresponds to a prisoner’s dilemma, the asymmetric types
(figures 5.3 and 5.4) correspond to a sequential prisoner’s dilemma, in
which the second player gets to know the choice of the first player be-
fore making his own decision.6 The second player, that is, has the sec-
ond-mover advantage. For example, imagine a customer who receives
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Figure 5.2 Symmetric Payment Mode (Goods Against Money)
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Source: Authors’ compilation.
Notes: C = Cooperation. The seller delivers good quality; the buyer makes the payment
promptly.
D = Defection. The seller delivers poor quality; the buyer does not make the payment, di-
minishes or delays it.
Payoffs: T > R > P > S (for example, T = 5, R = 3, P = 1, S = 0; only the order of the utility
values matters). The oval marks the information set. The buyer has to make his own choice
without knowing the decision of the seller. This game corresponds to the symmetric pris-
oner’s dilemma.



the product, inspects it, and only then decides whether to pay the bill.
The situation illustrated in figure 5.3 is asymmetric in favor of the seller
(the customer cannot inspect the product before paying if cash is due on
delivery). In figure 5.4, on the other hand, the seller bears the risk of
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Figure 5.3 Asymmetric Payment Mode in Favor of Seller (Pay in Advance
or COD)
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Source: Authors’ compilation.
Notes: C = The buyer makes the prepayment; the seller delivers good quality.
D = The buyer does not make the agreed payment; the seller delivers poor quality or does
not deliver.
This game is a sequential prisoner’s dilemma. If the game ends with payoff (P, P) after the
buyer played D, it corresponds to the trust game (Dasgupta 1988; Kreps 1990).

Figure 5.4 Asymmetric Payment Mode in Favor of Buyer (Delivery 
on Account)
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Notes: C = The seller delivers good quality; the buyer endeavors to pay the bill promptly.
D = The seller does not deliver or delivers poor quality; the buyer does not make the pay-
ment, or either diminishes or delays it.
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Modes of Payment

According to the auction rules, the highest bid determines the winner of
the auction and the final selling price. But, of course, buyers can also act
opportunistically. In the case of delivery on account, for example, the
seller makes a one-sided leap of faith, which can be exploited by the
buyer by refraining from payment. However, a seller can protect himself
against cheating buyers by setting the payment mode. He can decide
whether the transaction should be symmetric, asymmetric with the
seller as the first player (the trustor), or asymmetric with the buyer as
trustor (see figures 5.2, 5.3, and 5.4). So how does the empirical distribu-
tion of the various payment modes look like?

Naturally, sellers try to opt for an asymmetric game in their own
favor with only a few exceptions. In our data, payment in advance or
cash-on-mail delivery are chosen in 95 percent of all cases (see table 5.4).
The other extreme, a sequential prisoner’s dilemma with the seller in the
weak position of the trustor and the buyer in the strong position of the
trustee, appears in only one of 167 cases.

Taken on its own, the power to set the rules of the game is not yet an
explanation for the distribution seen in table 5.4. Buyers could go on
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Figure 5.5 Left- and Right-Censoring of Selling Price
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Starting Bid

The starting bid is fixed by the seller before the start of the auction.
Nearly all offerers (158 of 167, or 95 percent) made use of this option.
Sellers with high reputation probably have better chances to get away
with a high starting price. Thus, it may be expected that the number of
ratings brings about an increase in the minimum bid. The correlation be-
tween minimum price and the number of ratings is very low (r = .034),
however, and not significant. But, as noted, the distribution of the num-
ber of ratings is heavily right-skewed. It may be assumed that whether a
seller has eighty or ninety ratings will not make as much a difference as
an increase from zero to ten positive assessments. Differences at the be-
ginning of the scale are weighted more strongly if the correlation is cal-
culated between the logarithm of the number of ratings and the mini-
mum price. This yields a moderate but still insignificant correlation
coefficient of r = .158 (p = .139).9 Discrimination between the forty-two
sellers without rating and the group of 125 offerers with at least one as-
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Table 5.1 Descriptive Statistics

Number
Variable Minimum Maximum Mean SD of Cases

Reputation (number of ratings) 0 102 10.84 19.80 167
Starting bid 0 756 487.53 221.22 167
Starting bid > 0 0.5 756 515.30 193.24 158
Buy-it-now price 450 800 621.46 89.07 103
Shipping costs 0 28 16.78 5.77 167
Minimum bid increment 0.5 50 6.30 7.48 167
Number of supplementary 
accessories a 0 3 0.13 0.47 167

Calendar time at the start of the 
auction (in days; centered) –61.32 56.33 0.00 31.65 167

Duration of the auction in days 0 15 5.76 4.49 167
Number of bids 0 65 5.99 11.53 167
Successful selling (0/1) 0 1 0.50 167
Net auction price 450 800 531.08 59.55 84
Gross auction price (incl. shipping 
costs) 460 800 545.53 58.14 84

Source: Authors’ compilation.
Note: Currency is Swiss francs (CHF). SD is standard deviation.
a Reinspection of the raw data material (analyses of the product descriptions, in particular) revealed
that the traded goods were not always purely homogeneous. In some cases the offer included acces-
sories which were not part of the original Nokia 8310 distribution (namely, one or more additional
covers, an additional battery, a leather sheath, an additional standard charger, a desktop stand, or a
vehicle charger).



mum bid increment, the duration of the auction, the number of bids, the
number of supplementary accessories, and calendar time (parabolic).
Theoretically, the shipping costs should have a coefficient of minus one:
higher shipping costs would be compensated by a corresponding reduc-
tion of the highest bid, and the gross price paid by the buyer would re-
main unchanged. In practice, however, it is possible that the shipping
costs are psychologically underrated or overvalued, even though they
are known. For the minimum price, the minimum bid increment, the
duration of the auction, the number of bids, and the number of supple-
mentary accessories, we expect all positive effects, that is, these vari-
ables should likely increase the selling price. In the course of calendar
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Table 5.2 Reputation and Successful Selling

Models with Absolute Models with Log
Number of Ratings Number of Ratings

Model 1 Model 2 Model 3 Model 4

Reputation (number of ratings) 0.022 0.033** 0.546+ 0.668*
(1.55) (2.68) (1.69) (2.00)

Starting bid –0.069** –0.074**
(–4.15) (–4.03)

Minimum bid increment 0.064 0.061
(0.82) (0.74)

Shipping costs –0.234+ –0.278*
(–1.80) (–2.07)

Gross minimum price (starting bid +
minimum bid increment +
shipping costs) –0.056** –0.054**

–(3.77) (–4.53)
Duration of auction in days –0.068 –0.085 –0.058 –0.078

(–0.63) (–0.66) (–0.54) (–0.58)
Number of supplementary accessories 0.006 0.862 0.081 0.508

(0.00) (0.94) (0.05) (0.55)
Calendar time –0.074** –0.055* –0.070* –0.042*

(–2.59) (–2.32) (–2.34) (–1.96)
Constant 40.12** 31.24** 42.62** 29.87**

(3.94) (3.56) (3.76) (4.22)

McFadden R2 0.853 0.836 0.855 0.834
Number of cases 167 167 167 167

Source: Authors’ compilation.
Notes: Logistic regression of whether the good has been successfully sold (= 1) or not (maximum like-
lihood estimation of the effects on the log-odds). z-statistics in parentheses (adjusted for clustering
on sellers; see note 9). Models with log number of ratings: Reputation = ln(number of ratings + 1).
+ p < 0.1, * p < 0.05, ** p < 0.01 (two-sided)



time, on the other hand, prices should fall with declining rates. The re-
gression estimates are displayed in table 5.3 (model 1).

Contrary to our expectations, the minimum price and the number of
bids have no significant effects on the selling price, and the duration of
the auction is even negatively related to the auction outcome. The other
variables—reputation, in particular—have significant effects in the an-
ticipated direction. Shipping costs, however, seem to be slightly over-
weighted. Each extra franc demanded for shipping costs results in an
average reduction of the net auction price by almost 2 CHF. Excessive
shipping costs appear to harm the seller and, paradoxically, favor the
buyer. Sellers seem therefore well advised to charge relatively low ship-
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Table 5.3 Reputation Effect on Auction Price

Models with Absolute Models with Log 
Number of Ratings Number of Ratings

Model 1 Model 2 Model 3 Model 4

Reputation (number of ratings) 0.455** 0.667** 9.132** 11.961**
(3.26) (4.81) (3.35) (3.69)

Starting bid 0.035 –0.022 0.038 –0.017
(1.09) (–0.62) (1.26) (–0.46)

Minimum bid increment 2.441** 1.732+ 2.672** 1.967*
(3.01) (1.96) (3.39) (2.33)

Shipping costs –1.883** –1.839* –2.604** –2.723**
(–2.90) (–2.29) (–3.68) (–3.43)

Duration of auction in days –2.409* –4.159** –2.594** –4.355**
(–2.51) (–4.58) (–2.84) (–4.75)

Number of bids 0.729 0.127 0.873 0.274
(1.11) (0.22) (1.38) (0.47)

Number of supplementary accessories 27.486** 22.409** 27.046** 21.914**
(3.32) (2.65) (3.39) (2.63)

Calendar time –0.858** –0.736** –0.827** –0.700**
(–6.25) (–5.64) (–6.25) (–5.21)

Calendar time squared 0.011** 0.011* 0.011** 0.011*
(3.21) (2.29) (3.42) (2.35)

Constant 513.77** 564.15** 511.99** 562.80**
(32.53) (26.97) (31.15) (25.53)

R2 / McFadden R2 0.679 0.099 0.689 0.102
Number of cases 84 167 84 167

Source: Authors’ compilation.
Notes: OLS regression (models 1 and 3) and censored-normal regression (models 2 and 4) of net auc-
tion price (excluding shipping costs). t/z-statistics in parentheses (adjusted for clustering on sellers;
see note 9). Models with log number of ratings: Reputation = ln(number of ratings + 1).
+ p < 0.1, * p < 0.05, ** p < 0.01 (two-sided)



strike or choose sellers with better payment conditions, so that a seller
could benefit from offering transaction modes in favor of the buyer. The
reason the sellers are so uncompromising in their choice of the payment
mode is that even though buyers can choose sellers, sellers cannot
choose buyers. The seller is committed, regardless of the buyer’s reputa-
tion, to accept the highest bid and complete the transaction with that
buyer. The power to choose the business partner, an asymmetry in favor
of the buyer, is counteracted by the power to set the payment condi-
tions, an asymmetry in favor of the seller. Buyers overcome the trust
problem by choosing sellers according to reputation; sellers solve the
trust problem by choosing an adequate payment method.

Good reputation probably also helps a seller to enforce a payment
mode in his own interest. As shown in table 5.4, the average value of
reputation corresponds to the ranking of the chosen payment method
with respect to the asymmetry in favor of the seller. To analyze the rela-
tion between reputation and choice of payment mode in more detail, we
additionally report logistic regression estimates in which we discrimi-
nate payment in advance, which favors the seller most, against any of
the other methods.

The results shown in table 5.5 reveal that reputation, at least in the
logarithmic form, has a significant effect on the choice of the payment
method. The higher the reputation, the more likely a seller requests pay-
ment in advance. Apparently, offerers with high reputation can afford to
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Table 5.4 Modes of Payment

Ranking of 
Asymmetry Mean

Symmetry- in Favor (Median)
Mode of Payment Count Percent Asymmetry of Seller Reputation

Payment in advance 42 25.1 Asymmetric in 4 22.12
favor of seller (6.0)

Cash on mail delivery 116 69.4 Asymmetric in 3 7.25
favor of seller (5.0)

Cash on pickup 6 3.6 Symmetric 2 1.67
(0.0)

Cash on delivery in 
person 2 1.2 Symmetric 1 —

Mail delivery on account 1 0.6 Asymmetric in 0 —
favor of buyer

Credit card 0 0.0 — — —

Total 167 100.0

Source: Authors’ compilation.



stipulate payment conditions that are strongly in their own interest,
and buyers seem to be more likely to accept the risk associated with an
unfavorable payment method if the risk is counterbalanced by a good
seller reputation. Hence good reputation gives sellers a competitive
edge not only in terms of selling price but also with regard to payment
method. This is yet another incentive for offerers to invest in reputa-
tion.17

Summary and Discussion

The empirical evidence in this study clearly supports the hypothesis
that, in single exchange situations between unknown and anonymously
operating actors, reputation may cause a high degree of cooperation and
promote a well-running market. By rewarding cooperative behavior in
the long run, reputation creates order. Whereas Robert Axelrod’s simu-
lations suggest that the evolution of cooperation can succeed under the
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Table 5.5 Reputation Effect on Payment in Advance

Model with Absolute Model with Log 
Number of Ratings Number of Ratings

Reputation (number of ratings) 0.038 0.556*
(1.54) (2.38)

Starting bid –0.001 –0.002
(–0.81) (–1.12)

Minimum bid increment 0.031 0.038
(0.81) (0.91)

Shipping costs –0.253** –0.290**
(–3.84) (–4.24)

Duration of auction in days –0.074 –0.084
(–1.26) (–1.43)

Number of supplementary accessories –1.269 –1.336
(–1.64) (–1.59)

Calendar time –0.003 –0.002
(–0.30) (–0.26)

Constant 3.333** 3.558**
(3.00) (3.04)

McFadden R2 0.325 0.325
Number of cases 167 167

Source: Authors’ compilation.
Notes: Logistic regression of payment in advance (= 1) (maximum likelihood estimation of
the effects on the log-odds). z-statistics in parentheses (adjusted for clustering on sellers;
see note 9). Model with log number of ratings: Reputation = ln(number of ratings + 1).
* p < 0.05, ** p < 0.01 (two-sided)



trations and has lost none of them. The second factor is the country of
residence. This can be an important factor for a buyer. For many pro-
gramming jobs, communicating about what is needed must be detailed
and precise. It certainly helps considerably when a coder is fluent in En-
glish: the buyer can be more certain that the coder has understood the
bid request and that when problems arise along the way, as they in-
evitably do, they will be solved more easily. It is also important because
dealing with a coder in a time zone that makes quick back-and-forth 
e-mail communication impossible—the coder is typically asleep when
the buyer is awake and vice versa—can be inconvenient. The kind of
choice a buyer needs to make is presented in figure 6.2.

The programming job in figure 6.2 was a relatively small task. Still,
the bids varied between $15 and $59. In this case the lowest bidder (fire-
jump) did not get the job. Perhaps his relatively low rating made the
buyer decide to choose the Net#Team offer that was $5 higher (see figure
6.2).
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Figure 6.1 Information about Coder as Displayed on RentACoder

Source: Authors’ compilation.



A mechanism as on RentACoder is not an auction in the same sense
of the word as on eBay: the coder with the lowest bid need not get the
job. However, the same underlying problems apply. The buyer is not
sure whether the coder will deliver and cannot be sure about the quality
of the work. Detailed demands mentioned in the bid request can be
checked on delivery, of course. Whether a program can do what it is
supposed to do is relatively easy to find out. However, if the coder is not
able to change his code in a satisfactory way, the buyer is left empty-
handed even though he will get his money back. In other cases, it might
not be easy to check whether all demands of the bid request are met. For
instance, how do you decide whether the coder has indeed designed a
website that is “smooth and flashy,” as suggested in the bid request?
Often, several issues in a bid request must remain somewhat subjective,
and whether the coder will be responsive to comments during and after
the coding process remains to be seen. In addition, in programming it is
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Figure 6.2 Example of Coders Bidding on Job

Source: Authors’ compilation.
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Figure 6.3 Distribution of Reputation Scores, All Bids
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Figure 6.4 Distribution of Reputation Scores, Bids Higher than $20
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which the eventual winning bid is larger than $20, there are at least two
bids (otherwise there is nothing to choose), and a unique minimum bid
exists. We then find that minimum bids are chosen 28 percent of the
time, and on average other bids only 8 percent of the time. We can con-
clude that to get the job it helps to have the lowest price, but the lowest
price is certainly no guarantee. The strongest effect we find in these raw
comparisons is when we compare a coder who has not done business
with the buyer before with a coder who has. A coder who has done busi-
ness with the buyer before has a 57 percent probability of being chosen;
a coder who has not has a 3 percent probability.

Finally, we show the reputation ratings. On RentACoder, as men-
tioned, a reputation is a real number between 1 and 10, where 10 is high.
The distribution of the reputation scores for coders when we consider all
bid requests is present in figure 6.3. When we exclude the cases with
winning bids smaller than $20, we get the distribution presented in fig-
ure 6.4.

As figure 6.3 shows, the bulk of the coders have a reputation of 6.5 or
higher, so that differences are really between 6.5 and 10. We also see that
restricting our analyses to winning bids larger than $20 removes many
of the coders with dubious reputations.
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Table 6.1 Transactions per Year

Transactions Transactions $20

Number Percentage Number Percentage

2001 1,426 4.6% 1,064 4.7%
2002 5,102 16.6 3,555 15.8
2003 10,071 32.8 7,337 32.6
2004 13,877 45.2 10,361 46.0
2005 13,266 0.8 13,189 0.8

Total 30,742 100.0 22,506 100.0

Source: Authors’ compilation.

Table 6.2 Percentages of Winning Bids

Winning bid < 20 27% (excluded from further analysis)
Winning bid ≥ 20 but < 100 44
Winning bid ≥ 100 but < 500 25
Winning bid ≥ 500 but < 5000 4
Winning bid ≥ 5000 0 (26 cases)

Source: Authors’ compilation.
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and this would imply that for each unit of reputation the WTP would in-
crease by (exp(0.03) – 1) × 100 = 3 percent, again regardless of the value c0i.

Analyses

The results of these analyses are presented in table 6.4. The models differ
in the extent to which they use predictor variables, and with respect to
the kinds of cases included.

Consider models A and B in table 6.4. We see that the probability of
being chosen as a coder is higher for coders who posted low bids, coders
who have done business with the buyer before (the more often, the bet-
ter), coders with more experience, and coders who uploaded a photo or
logo on their personal information page. We also sometimes see a small
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Table 6.3 Overview of Variables

Dependent variable
<Bid was chosen> Whether bid was chosen (= 1) or not (= 0)

Coder characteristics
<nr. of past trans- Number of past transactions by coder
actions>

<has a reputation> Coder has a reputation (1 = yes)
<reputation score> Public reputation score on RentACoder (0 to 10, 

equal to 0 if no score)
<ln(amount)> The natural log of the amount that was bid (in U.S. 

dollars)
<length of bio> Length of biographical information (measured in 

number of characters)
<coder jpg> Coder has uploaded a photo or logo (1 = yes)
<country of residence> Country dummies for the U.S., Romania, Canada, 

U.K., Pakistan, Russia, Ukraine, Australia (the coun-
tries of coders that occur most often)

<corruption index> Corruption index 2004 of coder home country as 
indicated on Transparency International 
(www.transparency.org). Minimum value in the 
data is 1.5, maximum is 9.7, with a mean of 4.7. 
Higher is less corrupt

Characteristics of the (buyer, coder) pair
<past business> Whether or not buyer and coder have done business 

before (1 = yes)
<past business (n)> How often buyer and coder have done business 

before (number)
<same country> Buyer and coder are from the same country (1 = yes)

Source: Authors’ compilation.



Table 6.4 Probability of Being Chosen

Model A Model B Model C Model D Model E

Ln(amount) –0.7535*** –0.7626*** –0.3566*** –0.8612*** –1.3467***
Past business (dummy) 1.7203*** 1.7378*** 1.8814*** 1.4004*** 6.8926**
Past business (n) 0.1692** 0.1496* 0.0857 0.4819* –2.3176
Number of past transactions 0.0153*** 0.0147*** 0.0125*** 0.0159*** 0.0257***
Coder has reputation score –3.5882*** –3.1337*** –2.7130*** –2.9998*** –6.6255**
Mean rating of reputation (0 if no reputation) 0.4825*** 0.4340*** 0.3882*** 0.4261*** 0.7996***
Buyer and coder are from same country 0.4687*** 0.4038*** 0.5029*** 0.7002*
Corruption index (higher=less corrupt) for coder country 0.0485*** 0.0515*** 0.0453** 0.0500
Length of bio coder 0.0232*** 0.0121 0.0317** 0.0449
Coder uploaded jpg 0.2181*** 0.2230*** 0.2219*** 0.2529
Coder from United States –0.1536*** –0.1375 –0.1941* –0.1750
Coder from India –0.0864** –0.1425** –0.1356* 0.0384
Coder from Romania 0.2394*** 0.1924*** 0.2697*** 0.3274
Coder from Canada 0.1637*** 0.1222 0.0891 0.3105
Coder from United Kingdom 0.0413 0.0895 0.0895 0.3172
Coder from Pakistan –0.4074*** –0.4015*** –0.4923*** –0.0331
Coder from Russia 0.0638 0.0502 –0.0151 0.5704
Coder from Ukraine 0.2262*** 0.1924 0.2351* 0.2679
Coder from Australia 0.1753* 0.2964* 0.0839 –0.0758

Number of buyers 8,865 8,850 3,857 3,555 285
N 250,178 249,118 70,116 76,947 7,117
Pseudo-R2 0.13 0.14 0.12 0.13 0.22

Source: Authors’ compilation.
Notes: Conditional logistic regression of whether the coder has been chosen. Standard errors adjusted for clustering on buyer, ignoring clustering on
coders.
Model A = all cases (and basic predictors)
Model B = all cases (and extended list of predictors)
Model C = cases with 20 < maximum bid ≤ 100
Model D = cases with 100 < maximum bid ≤ 1000
Model E = cases with maximum bid > 1000
* p < 0.05, ** p < 0.01, *** p < 0.001



greater than 40 percent in table 6.4). Apparently, even though buyers
value reputation highly, the structure of the market—consider, for in-
stance, the abundant supply of coders—is such that the net value of a
high reputation is much smaller than what buyers would be willing to
pay for it. In fact, this may very well be one of the main reasons the ef-
fects of reputation found in the empirical literature differ across analy-
ses and are generally small. Such analyses can only consider what repu-
tation is worth in the market (the amount you have to pay extra for a
seller with a high reputation), which is not the same as the extent to
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Table 6.5 Amount Paid for Job

Model A Model B Model C

Past business (dummy) –0.1603*** –0.1607*** –0.1635***
Past business (n) –0.0410 –0.0411 –0.0399
Number of past transactions –0.0022*** –0.0027*** –0.0027***
Coder has reputation score –0.2985* –0.3018* n.a.
Mean rating of reputation 
(0 if no reputation) 0.0342** 0.0342** 0.0367**

Buyer and coder are from
same country –0.0036 –0.0407

Corruption index (higher=
less corrupt) for coder country –0.0087 –0.0092

Length of bio coder 0.0001*** 0.0001***
Coder uploaded jpg 0.0875*** 0.0889***
Coder from United States –0.0103 –0.0327
Coder from India 0.0440 0.0491
Coder from Romania –0.0774** –0.0826**
Coder from Canada 0.0007 –0.0061
Coder from United Kingdom 0.0035 –0.0055
Coder from Pakistan –0.1007* –0.0712
Coder from Russia –0.0195 –0.0538
Coder from Ukraine 0.1929*** 0.2121***
Coder from Australia –0.1030 –0.0901

Constant 4.2621*** 4.2173*** 3.9060***
N 22,507 2,2451 16,456
R2 0.01 0.02 0.02

Source: Authors’ compilation.
Notes: OLS regression of the amount paid for the coding job. Standard errors adjusted for
clustering on buyer, ignoring clustering on coders.
Model A = all cases (and basic predictors)
Model B = all cases (and extended list of predictors)
Model C = all cases where winning coder has a rating
* p < 0.05, ** p < 0.01, *** p < 0.001



that goods survey respondents tended to favor high competence but
low motivation more so than services survey respondents did. Yet the
inverse is also supported: services survey respondents tended to favor
high motivation but low competence more so than goods survey
respondents. 

We also asked respondents in the two survey types to indicate how
much they believed in their selection of the most trustworthy good or
service provider by investing $0 to $5 in their choice. This investment
money came from the original $10 participation payment. The partici-
pants were told that if they correctly identified the most trustworthy
good or service provider, the experimenter would double their invest-
ment.8 Thus, the investment amount is a good indicator of one’s confi-
dence in her choice. The average investment in the goods condition was
$2.94 (SD 1.9) and $2.87 (SD 1.9) in the services condition. An ANOVA
with the investment amount as the dependent variable and the survey
version (goods or services) as the independent variable confirmed that
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Figure 7.1 Percentage Choice of Most Trustworthy Seller
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Source: Authors’ compilation.
Notes: Seller A=high competence, high motivation; Seller B=low competence, low motiva-
tion; Seller C=high competence, low motivation; Seller D=low competence, high motiva-
tion.



Table 7.1 Buyer Descriptions for Online Sales by Competence and Motivation

Manipulations Goods Survey Services Survey

High competence
High motivation I am selling a brand new Nikon D70 Camera. I am a I am selling custom website photography and 

professional photographer and I use this same graphic design for your website. I am a professional 
camera in my own work. Please contact me directly graphic artist with my own firm. Please contact me 
if you are interested, I can work with you to make it directly if you are interested - I am open to dis-
a worthwhile purchase. cussing client needs before the service is purchased.

Low competence
Low motivation Hi, I have a Nikon D70 Camera for sale— brand new Hi, I am offering custom web photography and 

condition. I got it as a gift, and I really don’t know graphic design. I recently switched careers and am 
much about photography. Best offer gets it. beginning my own website design practice. Best 

offer gets it.

High competence
Low motivation I have a Nikon D70 Camera for sale. It is in brand- I am offering my services for custom website pho-

new condition. I am a professional photographer tography and design for your website. I run a pro-
and I can say it is a great camera. I will sell to the fessional website design firm. Please contact me 
highest bidder. after you successfully win the bid.

Low competence
High motivation Nikon D70 Camera for sale, brand new. I don’t really Custom website photography and graphic design 

take pictures that often so I don’t need it. I would for sale. I am a new designer in the business. I 
like to sell, so reply to me directly and we can work would really like to develop my portfolio, so reply 
something out. Thanks. to me directly and we can discuss your require-

ments. I am sure we can work something out. 
Thanks.

Source: Authors’ compilation.



The right part of the model—that is, how perceived morality and com-
petence influence trustworthiness, and how trustworthiness and disposi-
tional trust together influence trust—has been confirmed by many studies
(for example, Mayer, Davis, and Schoorman 1995; McKnight, Choudhury,
and Kacmar 2002). However, the model extends previous research in sev-
eral ways. First, it places trust violations in a larger context and makes as-
sumptions about the relative importance of perceived morality and per-
ceived competence on final trustworthiness judgments in different online
markets. If nothing is known about the type of trust violation, such as
negative feedback in eBay without an accompanying comment, the type
of market determines the impact of perceived morality and perceived
competence on final trustworthiness judgments. Despite the general dom-
inance of morality in impression formation, morality judgments are ex-
pected to have a higher impact on final trustworthiness judgments and
trust in morality markets than in competence markets (Wojciszke, Bazin-
ska, and Jaworski 1998). Competence judgments are expected to have a
higher impact on final trustworthiness judgments and trust in compe-
tence markets than in morality markets. Chapter 6 in this volume pro-
vides indirect support for this assumption. The authors examined a mar-
ket in which coders could be hired for programming projects and found
that positive feedback had a much higher impact on probability of being
chosen for a project than it usually has on probability of sale in online auc-
tions. In this type of market, mainly the competence of a coder is judged,
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Figure 8.1 The Trust Reparation Model 
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sort of baseline—even without a response, the type of negative feedback
influenced perceived trustworthiness. This shows that the information
given in the comments is indeed used to construe the situation in terms
of competence-based or morality-based trust violations. Moreover, it
confirms the prediction that competence-based violations are perceived
as less severe than morality-based violations in morality markets. The
main effect of type of response indicated that an apology was more suc-
cessful than no reaction, which was in turn more successful than denial.
Thus, in competence-based violations of trust, the hypotheses of Kim
and his colleagues were supported, but in morality-based violations
they were not (2004).

The analyses of the responsibility attributions showed clearly that the
type of response altered the attributions. For the attribution that the
seller acted on purpose, again, two main effects emerged. The morality-
based violation of trust was attributed more to the seller than the
competence-based violation of trust. This is in line with the positive-
negative asymmetry; negative information in the competence domain is
less diagnostic and less interpreted as a purposeful attempt at fraud by
the seller. When an apology was rendered, the trust-violation was signif-
icantly less attributed to the seller than when no response was given or
the incident was denied. The nonresponse and the denial condition did
not differ significantly; this might indicate that an attribution to a ma-
lign seller is the default attribution in morality markets such as eBay. An
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Figure 8.2 Trustworthiness Judgments
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apology can alter this default attribution. For the noise attribution
(someone else’s fault), a different pattern emerged (see figure 8.3).

The main effect of type of response was not significant, and the main
effect of type of trust violation was only marginally significant. The
competence-based violation was more easily attributed to noise than the
morality-based violation. However, there was a significant interaction
between type of violation and type of response. A significant effect
emerged only in the denial condition, indicating that people believed
the denial in the competence-based scenario (“buyer gave me the wrong
zip code”), but not in the morality-based scenario (“did work at my
place”). When the responsibility attributions were included as a covari-
ate in the analysis of variance with trustworthiness as dependent vari-
able, the main effect of type of response was no longer significant. Thus,
the effect of communication (type of response) on trustworthiness judg-
ments is mediated by attributions. This result supports the assumption
of the model that people use the information given in the text comments
to judge whether the negative incident might be caused by noise. If an
incident is attributed to noise, trust is not violated and there is less need
to repair trust; it therefore does not matter whether the accused person
reacts with denial or an apology.

Further analysis of the judgments of the reactions in the apology and
denial conditions revealed that the denial in the morality-based scenario
was perceived as less believable than the denial in the competence-
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Figure 8.3 Responsibility Attributions (Somebody Else’s Fault)
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based scenario. If believability was included as a covariate, a marginally
significant interaction between type of response and type of trust viola-
tion occurred. As can be seen in figure 8.4, the pattern was as predicted
according to the Kim et al. model (2004). In the case of a competence-
based violation, an apology is more successful in repairing trust than de-
nial. In the case of a morality-based violation, denial is more successful
than an apology.

This study revealed several interesting results. First, it showed that com-
munication, a factor neglected in most previous studies on the eBay repu-
tation system (for an exception, see Pavlou and Dimoka 2006), influences
trustworthiness judgments. Even in the no-response condition, the differ-
ence between the competence-based and the morality-based scenarios was
significant. The type of negative feedback influences the perception of the
situation and the construction in terms of a morality-based or competence-
based violation. As can be predicted from the work on the positive-nega-
tive asymmetry, trustworthiness judgments are higher in the competence-
based scenario than in the morality-based scenario. Negative information
in the competence domain is not really diagnostic and has therefore less
impact on trustworthiness judgments. Second, and in contrast with the
predictions of Kim and his colleagues, an apology always proved more
successful in repairing trust than denial, not only in a competence-based
trust violation (2004). Denial was worse than no response.
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Figure 8.4 Trustworthiness Judgments as a Function of Type of Trust
Violation and Type of Response, with Believability of
Response as Covariate
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asked the respondent, “Would you take part in the online auction of
this seller and finally buy the product?”

To measure the problems of trust, we included indicators of the respon-
dents’ actual placement of trust, their willingness to place trust under differ-
ent conditions, and the extent to which they subjectively perceived prob-
lems of trust in the group. The extent was assessed by members’ reactions
to the statement, “Members do not trust each other” on a 7-point Likert
rating scale with the labels “not,” “hardly,” “to a limited extent,” “to
some extent,” “to a reasonable extent,” “to a large extent,” and “to a
very large extent.” Actual placement of trust was indicated by asking,
“During the last twelve months, how often did you participate in an on-
line auction with a bid of 100 b or more under the condition that you
had no information about the past transactions of the seller, that is, you
had no information about his reputation score?” The teachers were
asked, “Did you ever send teaching material to your community?”

Willingness to place trust included two questions for eBay members.
The first question was, “Assume that you would like to buy a modern
mobile phone with many additional functions. You expect to get such a
phone for about 300 b. Moreover, assume that such a product would be
offered by a seller about whom no information about his past transac-
tions is known. Would you take part in the online auction of this seller
and finally buy the product?” The second question was, “Assume that
you had bought a product on eBay for about 300 b. The product was de-
livered ten days later than promised. Would you, under such circum-
stances, provide feedback before your seller did so?” 

Members of the teachers’ community were also asked two questions.
The first question was, “Assume that in your community there is a dis-
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Figure 9.1 Profile of the Seller

Source: Author’s compilation.



Multiple regression analyses presented in table 9.2 show that the differ-
ences cannot be explained with respect to prosocial attitudes, general
trusting dispositions, digital literacy, or other factors within the groups.

Members of the teachers’ communities accept forms of strong social
control much less than their eBay counterparts to stimulate membership
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Table 9.1 Multiple Regression of the Acceptance of Direct Control for
Rule Compliance 

1: Exclusion of eBay 2: Ranking of eBay
Members and Members and 

Exclusion Exclusion
of Teachers of Teachers

Group membership (teachers’ 
communities = 1) 0.031 (.313) 0.052 (.091)

Prosocial attitudes 0.068 (.029)* 0.048 (.125)
Social desirability 0.092 (.003)** 0.091 (.003)**
Trusting disposition 0.150 (.000)** 0.173 (.000)**
Years of Internet use 0.015 (.641) 0.011 (.740)
Gender (female = 1) 0.096 (.002)** 0.077 (.013)*
Age 0.043 (.182) 0.004 (.890)
Digital literacy 0.047 (.161) 0.110 (.001)**

n = 1088 n = 1088

Source: Author’s compilation.
Note: Standardized regression coefficients, two-sided p-values in parentheses.
* p < .05, ** p < .01

Table 9.2 Multiple Regression of the Acceptance of Direct Control for
Membership Stimulation 

1: Exclusion of eBay 2: Exclusion of eBay 
Members and Members and 
Voucher for Ranking of 

Teachers Teachers
Group membership (teachers’ 
communities = 1) –0.182 (.000)** –0.363 (.000)**

Prosocial attitudes 0.075 (.017)* 0.071 (.018)*
Social desirability 0.130 (.000)** 0.125 (.000)**
Trusting disposition 0.049 (.099) 0.047 (.101)
Years of Internet use –0.024 (.460) –0.031 (.324)
Gender (female = 1) 0.034 (.275) 0.008 (.789)
Age –0.014 (.660) –0.029 (.344)
Digital literacy –0.013 (.699) –0.004 (.891)

n = 1088 n = 1088

Source: Author’s compilation.
Note: Standardized regression coefficients, two-sided p-values in parentheses.
* p < .05, ** p < .01
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activities, even after controlling for other factors of influence. Thus we find
evidence for hypothesis 1, claiming that members of common-interest
communities are less willing to accept direct control than members of
online transaction communities. However, this is only true for the prob-
lem of membership stimulation, and not for that of rule compliance.

The next results show differences in the perceived effectiveness of
weak forms of social control. We test this effect for the problem of rule
compliance (scenarios eBay-1 versus teacher-1) and for the problem of
membership stimulation (scenarios eBay-4 versus teacher-4). There are no
differences between the two types of online communities with respect to
the perceived effectiveness of weak social control for the problem of rule
compliance (X̄1 = 4.8 X̄2 = 4.9, t = 1.5, p > .10, n1 = 161, n2 = 1141). Differ-
ences with respect to the perceived effectiveness of weak social control for
the problem of membership stimulation, however, are significant (X̄1 =
4.8, X̄2 = 5.1, t = 3.2, p < .01, n1 = 161, n2 = 1141). That is, members of eBay
tend to perceive weak social control as more effective than members of the
teachers’ community do. This difference does not disappear when we
control for variances in other characteristics of the two groups, as the re-
sults of a multiple linear regression analysis presented in table 9.3 show.

The results do not support hypothesis 2; thus it must be rejected.
When considering the problem of rule compliance, both groups perceive
weak social control as effective. However, members of eBay see it as
more effective for stimulating membership activity than members of the
teachers’ community do.

A test of hypothesis 3 shows that the degree of relational interests is
significantly larger among the members of the teachers’ community
than among the members of eBay (X̄1 = 15.5 X̄2 = 14.5, t = 3.4, p < .01, 
n1 = 804, n2 = 1141).
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Table 9.3 Multiple Regression of the Effectiveness of Weak Control for
Membership

Group membership (teachers’ communities = 1) –0.109 (.001)**
Prosocial attitudes 0.046 (.153)
Social desirability 0.103 (.001)**
Trusting disposition 0.102 (.001)**
Years of Internet use –0.022 (.526)
Gender (female = 1) 0.037 (.238)
Age 0.019 (.565)
Digital literacy 0.047 (.177)

n = 1066

Source: Author’s compilation.
Note: Standardized regression coefficients, two-sided p values in parentheses.
* p < .05, ** p < .01



The multiple regression analysis in table 9.4 shows that relational in-
terests depend on factors such as age, digital literacy, trusting disposi-
tion, gender, and years of Internet use, some measures of which vary be-
tween the groups. Nevertheless, after controlling for the factors of
influence, members have significantly more relational interests in the
teachers’ communities than in eBay. This finding supports hypothesis 3.

Finally, we test whether the problem of trust in eBay is diminished
under the condition of a high degree of social embeddedness. We com-
pare the willingness to place trust in a seller without a reputation score
under the condition of not knowing each other (baseline condition),
which is the usual condition in eBay. Also included were two treatment
conditions in which the seller and buyer by chance are likely to interact
in another context. Because the questions about the baseline and the
treatment conditions were independently shown only to random selec-
tions of the eBay respondents, the number of respondents in the baseline
and one of the treatment conditions is very small. Whereas in one com-
parison, the willingness to place trust increases from X̄ = 2.3 to X̄ = 3.0, it
increases from X̄ = 1.7 to X̄ = 2.2 in the other. These increases are both
significant (Wilcoxon signed ranks exact tests: z1 = –2.2, p < .03, n1 = 22,
z2 = –3.0, p < .01, n2 = 18), and the findings are in line with hypothesis 4.

Overall, the findings can be summarized as follows: 
First, eBay members agree significantly more than members of the

teachers’ communities to the statement that members do not trust each
other. Moreover, among teachers, the opportunity to discuss the difficul-
ties they have with their pupils is less often used than the opportunity to
send their teaching materials to the community. Among eBay members,
the opportunity to trade with sellers without a reputation score is less
often used than the opportunity to provide unpleasant feedback first if
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Table 9.4 Relational Interests

Group membership (teachers’ communities = 1) 0.074 (.008)**
Prosocial attitudes 0.013 (.650)
Social desirability 0.044 (.084)**
Trusting disposition 0.080 (.002)**
Years of Internet use –0.083 (.002)**
Gender (female = 1) –0.100 (.000)**
Age 0.059 (.030)*
Digital literacy 0.082 (.004)**

n = 1555

Source: Author’s compilation.
Note: Standardized regression coefficients, two-sided p-values in parentheses.
* p < .05, ** p < .01



however, low order and low coordination systems leave their processes
and products ambiguously defined, and leave users to decide for them-
selves which tasks to do and how to do them.

Blogs are one of the most common examples of unordered and unco-
ordinated systems. The software that supports blogging—Wordpress,
TypePad, and Blogger, for example—provides a basic limiting frame-
work for the processes and products that users can undertake and the
roles they can fulfill. Beyond this loose framework, however, there is lit-
tle agreement about what constitutes a blog or the practice of blogging.
The Oxford English Dictionary has defined a blog in this way: “A fre-
quently updated web site consisting of personal observations, excerpts
from other sources, etc., typically run by a single person, and usually
with hyperlinks to other sites; an online journal or diary” (OED Online
2008). However, recent research has outlined great diversity in the defi-
nition of blogging between blog software producers, researchers, and
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Figure 10.1 Categorization of Information Pools
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Project Gutenberg,
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Source: Authors’ compilation.
Note: Order refers to the organization of individual contributions and the clarity of the in-
tended collective outcomes. Coordination refers to the organization of contributors into
roles with well-defined duties and responsibilities.



Mycroft banners exist on many diverse websites and are designed to
facilitate entirely self-contained interactions within the banner. Users
who visit a blog, shopping, or news site and find a Mycroft banner there
can contribute to the information pool without leaving that page. Indi-
viduals can contribute anonymously or create persistent user accounts
on the system.7 This architecture takes advantage of casual contribu-
tions, turning collective action into something that individuals might do
while surfing from one website to the next. Individuals can also con-
tribute through banners they find on the Mycroft project’s home site.

In the two field studies that follow we use the Mycroft system to ex-
amine user contributions in conditions of varying uncertainty. Mycroft
is a particularly advantageous platform for this examination. First, as an
example of a highly ordered and coordinated system, it is relatively low
in system uncertainty because the processes, products, and roles are
both narrowly defined and made explicit to potential contributors. This
makes Mycroft a good baseline from which to modify conditions of un-
certainty and investigate contribution behavior. Second, Mycroft’s archi-
tecture requires that it exists out in the wild on a variety of real web-
sites—a primary home website, personal home pages, blogs,
commercial sites, and so on. Mycroft provides an online test bed that is
subject to the intangible, difficult to reproduce, contextual influences of
real-world online behavior.

Data and Measurement

We collected data on the contributions of more than 5,000 people who
viewed Mycroft banners more than 100,000 times between March 2006
and October 2006. During this period, Mycroft banners were hosted on
more than twenty diverse sites as well as on an internal home website.
Internet traffic was approximately evenly divided between the internal
and the external sites. Those who visited and contributed through the
internal site were recruited through messages distributed by e-mail,
word-of-mouth, and other electronic notices. Thus the sample of con-
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Figure 10.2 Mycroft Banner Interface

Source: Authors’ compilation.



Study 2: Environmental Uncertainty and 
Guilt by Association

Potential contributors interact through Mycroft banners that look like
standard banner advertisements and exist in locations where advertise-
ments normally are located on the Web. Research has consistently
shown that perceptions of Web advertisements are extremely negative
and can negatively impact online interaction in some contexts (Fox 2000;
Metzger 2004). Furthermore, the existence of commercial advertising on
a website can also lead to an overall lack of perceived credibility in the
website content as a whole (Fogg et al. 2001). Thus, the co-presence of
commercial advertising may function as a source of environmental un-
certainty for the Mycroft system. We suggest that the presence of adver-
tising on websites that host Mycroft banners should lead to lower con-
tribution rates by increasing environmental uncertainty.
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Figure 10.3 Number of Contributions 
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Methodology

Using data collected between March and August of 2006, including
more than 137,000 views and about 3,300 contributions, we examined
the difference in contributions between websites that displayed com-
mercial banner advertising alongside Mycroft banners and those that
did not. During the data collection period, we examined twenty external
volunteer sites that hosted Mycroft banners. The external sites were clas-
sified according to whether the pages contained Mycroft banners only
(N = 16 host sites), or Mycroft banners and commercial advertisements
(N = 4 host sites).

Results and Interpretation

As figure 10.4 shows, the average contribution-by-view rate for sites
that also featured banner advertisements was nearly three times lower
(M = .84) than the mean for those sites that did not (M = 2.43). A simple
t-test comparison yields a borderline significant effect (p < .10). In addi-
tion, a Mann-Whitney U (nonparametric) comparison of the means also
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Figure 10.4 Average Contribution-to-View Rate
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tributors to the internal site included members of the researchers’ social
networks, members of the local academic community where the study
was conducted, and others who heard about the project through these
announcements. Individuals who contributed through external websites
were simply those who happened to discover the Mycroft banner in the
course of their normal Web browsing experiences. We take each of these
samples into consideration in interpreting all findings.

During the data collection period, Mycroft distributed three types of
puzzles (see table 10.1). One type asked individuals to label images
drawn from a publicly available set of images on the Internet. The sec-
ond type asked individuals to type in small portions of text that ap-
peared in a scanned image of text. The third asked individuals to read a
description of an item and then apply keywords to it. All of the puzzles
exist within the same banner interface and require a very small input
from the user in the form of a few words of text.

In the following section, we use two ways to measure contributions
to the Mycroft system. The first is the contribution-by-view ratio (C/V
ratio), which is calculated by dividing the number of people who con-
tribute to Mycroft on a specific page by the total number of people who
viewed that same page. For example, if a Mycroft banner is viewed 100
times on website X and only five contributions are made, the C/V ratio
is 5 percent. The C/V ratio is a rough measure of capture—that is, how
many users are motivated to interact with a Mycroft banner given the
amount of traffic to the site that hosts the banner. This measure is appro-
priate when the unit of analysis is the host site that displays Mycroft
banners.

Order, Coordination, and Uncertainty 279

Table 10.1 Tasks in Mycroft Banners

Task Task Description Answer Format

Tagging descriptions Assign keywords to an Keywords/“tags”
item of user-generated 
content which includes a 
text description and an 
optional image

Interpreting scanned text Enter the text displayed  Sentence fragments/
in a small image which text strings
represents a section of a 
scanned page of text 
(see figure 10.2)

Tagging images Assign keywords to an Keywords/“tags”
image

Source: Authors’ compilation.
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