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Abstract
We investigate the effects of various design features of all-pay auction knowledge markets by

conducting a field experiment on Taskcn, one of the largest Q&A sites in China where both se-
quential and simultaneous all-pay auction mechanisms are used. Specifically, we study the effects
of price, reserve price in the form of the early entry of high-quality answers (shill answers), and
reputation systems on answer quantity and quality by posting translation and programming tasks
on Taskcn. We find significant price effects on both the number of submissions and answer quality,
and that tasks with shill answers have pronounced lower answer quality, which are consistent with
our theoretical predictions. In addition, monetary incentives and the existence of shill answers
have different effects on users with differing experience and expertise levels.
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1 Introduction
Along with the popularity of Web 2.0 technologies, crowdsourcing, which uses online communities
to outsource a task, has been widely used for producing knowledge in modern societies. Unlike
other popular sites where people obtain and contribute information, e.g., Google, Wikis or Yahoo
Answers, crowdsourcing sites such as Google Answers, Topcoder, and Taskcn are often price-
based and require a certain level of expertise. On such sites, askers post questions or tasks along
with a price for a satisfactory answer. Therefore, how to attract more participation as well as high
answer quality are fundamental in these flourishing labor markets. More importantly, they are still
open questions in both theoretical and empirical research.

With their long-term enthusiasm in auction and contest design, economists start paying atten-
tion to these crowdsourcing sites, in particular, those implemented all-pay auction as their exchange
mechanisms.1 Explicitly, on an all-pay auction crowdsourcing site, any user can submit an answer
to a task and each task gets many different answers. Since every user who submits a solution
expends effort regardless of whether or not they win, the knowledge-exchange mechanism is anal-
ogous to an all-pay auction where everyone pays for their bids in the form of individual effort,
but only the winner gets paid. As one of the most popular types of crowdsourcing sites, all-pay
auction sites have been very active and successful in gathering people to share their knowledge
and contribute effort towards solving a task. For example, as of August, 24th, 2010, Taskcn, one
of the biggest crowdsourcing sites in China, has 2,871,391 registered users and 243,418 of them
have received rewards. In addition, the number of tasks has accumulated to 39,371, and total task
rewards have summed to 27,924,800 yuan (at 7 yuan/dollar). Figure 2 is a snapshot of the front
page of the website taken on January 3, 2008. Tasks vary from logo design and programming to
translation, and prices range from $10 to $500, depending on the difficulty of the task.

We observe a variety of all-pay auction mechanisms implemented in crowdsourcing sites. For
example, a sequential all-pay auction mechanism, where late bidders make their bids after ob-
serving early bidders’ bids, approximates the major exchange mechanism on Taskcn. Specifically,
users on Taskcn submit their answers sequentially and can read previous answers. In addition,
Taskcn gives users the access to password-protect their answers and the late answerers can not
see the content of a password-protected answer, which converts a sequential all-pay auction to a
simultaneous all-pay auction.2 On the other hand, there are other sites which only implements
a simultaneous all-pay auction. For example, on Topcoder, every answer is sealed and only the
asker has the access to read it. Consequently, evaluating and comparing the performance of these
different all-pay auction mechanisms is important for market designers. However, there has been
few studies which answer this question in neither economic theory nor experiments.3

In this paper, we study the effects of various design features in both sequential and simultaneous
all-pay auction crowdsourcing sites using theoretical models and a field experiment on Taskcn
together. Utilizing a 2x3 experimental design, we study the effects of price, reserve price in the

1The game structure of the sing-price, winner-take-all contest is equivalent to the first-price all-pay auction. We
focus on this simplest contest game in this paper as it approximates the exchange mechanism on most popular crowd-
sourcing sites well.

2There are two ways of protecting answer content on Taskcn. One is to use a pre-paid service provided by the site;
the other is to submit the answer with password protection and send the password to the asker by email.

3A stream of empirical research studies online users’ behaviors on all-pay auction crowdsourcing sites using field
data (Yang, Adamic and Mark 2008; Yang, Adamic and Ackerman 2008; DiPalantino and Vojnovic 2009; and Archak
2010).
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form of the early entry of high-quality answers (shill answers), and reputation systems on answer
quantity and quality by posting translation and programming tasks on Taskcn.4 In general, we find
significant price effects on both the number of submissions and answer quality, and that translation
tasks with shill answers have pronounced lower answer quality,5 which are consistent with our
theoretical predictions. In addition, monetary incentives and the reserve price have different effects
on users with differing experience and expertise levels.

The rest of the paper is organized as follows: In Section 2, we present literature on knowl-
edge markets and all-pay auctions. Section 3 summarizes and characterizes the sub-game perfect
equilibrium in the sequential all-pay auction model and the Bayesian Nash equilibrium in the si-
multaneous all-pay auction model. Section 4 presents the experiment design. Section 5 describes
our hypotheses. In Section 6, we present our results and analysis. Finally, in Section 7 we discuss
our results and their implications for (all-pay) knowledge market design.

2 Literature Review
Our research is closely related to two streams of literature and we discuss them in the following
sections.

2.1 Knowledge Market Literature
One of the most remarkable and transformative potentials of the Internet lies in its ability to change
people’s collaborative work, especially in collecting intellectual contributions from disparate peer
users on a large scale. This trend has manifested itself in various familiar examples such as open
source projects, Wikipedia, Question-and-Answer (Q&A) forums, and social content and tagging
sites such as Flickr, Del.icio.us and YouTube. In one type of collaboration called “crowdsourcing”
tasks are directly outsourced to individual workers through public solicitation (Howe 2006; Howe
2008; Kleeman, Voss and Rieder 2008). Crowdsourcing sites have been rapidly growing in num-
ber, popularity, and research attention. For example, Taskcn.com, one of the earliest sites to have
been studied, is a Chinese website where people post diverse tasks (e.g., design a company logo or
translate a research statement) with a monetary reward for other users to compete for by submitting
solutions (Yang, Adamic and Ackerman 2008a). Amazon’s Mechanical Turk is designed to invoke
human labor to accomplish “human intelligence tasks” (HITs) requested by users with specified
compensation (Mason and Watts 2009).

Unlike many other kinds of “peer contributed” sites like Wikipedia or Flickr, crowdsourcing
sites are task-driven with arbitrary requirements (or expectations) such as completion time, qual-
ity, or other features. These semi- or well-defined “tasks” might inspire less intrinsic motivation
derived from some form of social reward (Nov, Naaman and Ye 2008) than free-structured and
undefined contribution tasks. Thus, financial incentives have been increasingly incorporated into
the design of crowdsourcing services. For example, Taskcn and Amazon’s Mechanical Turk both

4As it turns out that all programming answers are password-protected in our experiment and most translation
answers are not password-protected, we are able to examine users’ behaviors under these two different all-pay auction
mechanisms separately.

5due to the difficulty of producing a shill answer for programming tasks, we are not able to test the reserve price
effect in simultaneous all-pay auctions, however, we derive the theoretical predictions in section 3.
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allow requesters to set up monetary rewards in order to incentivize contributors. Q&A forums,
such as Yahoo! Answers (Adamic, Zhang, Bakshy and Ackerman 2008), Baidu Knows (Yang and
Wei 2009), and the now-defunct Google Answers (Chen, Ho and Kim 2010) have employed varied
incentive schemes to outsource knowledge or expertise requests. These schemes range from semi-
market-like flat-rate virtual currency in Yahoo! Answers and virtual currency with a flexible rate as
in Baidu Knows and Naver Knowledge-In (Nam, Adamic and Ackerman 2009) to real-market-like
Google Answers where real money is offered in exchange for knowledge or expertise.

Whether and how incentives can motivate more and better contributions have been some of the
primary questions concerning economists and sociologists, and major themes for the assessment of
these systems. Field experiments conducted on a series of Q&A sites have indicated that a higher
reward can induce more answer submissions, but yielded mixed results regarding answer quality
(Chen et al. 2010; Harper, Raban, Rafaeli and Konstan 2008). Consistent results were found on
Amazon’s Mechanical Turk; financial incentives increased the quantity of contributions, but not
quality (Mason and Watts 2009). Similar results proving that higher awards elicit more answers
were also found in field studies on Taskcn (Yang, Adamic and Ackerman 2008b), Baidu Knows
(Yang and Wei 2009), and Naver Knowledge-In (Nam et al. 2009).

However, this does not paint a complete picture due to the inherent complications of differing
types of required knowledge, tasks, incentive schemes, and communities. For example, a post-
experiment survey on Amazon’s Mechanical Turk (Mason and Watts 2009) suggested that workers
tended to perceive that they were always underpaid for the tasks, which might have potentially
impaired the differential incentives. There are significant differences between various Q&A forums
in terms of prices offered, answer quantities, and users’ social interactions and retention patterns
(Adamic et al. 2008; Yang and Wei 2009; Yang, Wei, Ackerman and Adamic 2010). Although the
amount of monetary award is significantly correlated with the number of submissions on Taskcn, it
could be confounded with the fact that people post higher prices for tasks that require a high level
of expertise (Yang et al. 2008b). Better field experiments for revealing how this crowdsourcing
mechanism works in the context of the Internet knowledge market are therefore required.

2.2 All-pay Auction Literature
In economics literature, the first-price all-pay auction is often used to model rent-seeking, R&D
races, lobbying, and tournament contests. Most of them focus on simultaneous all-pay auc-
tions where players submit their bids simultaneously. On the theory side, Baye, Kovenock and
de Vries (1996) provide a complete characterization of the mixed strategy Nash equilibrium for
the complete-information all-pay auction model. In addition, Bertoletti (2010) derives Nash equi-
librium behaviors in a complete information all-pay auction with reserve price and shows that a
strict reserve price increases the overall efficiency in the auction. In a more realistic incomplete-
information setting, Krishna and Morgan (1997), Amann and Leininger (1996) both characterize
the symmetric Bayesian Nash equilibrium.6 Moreover, the emergence of all-pay auction crowd-
sourcing sites arouses economists’ interest as well. For example, DiPalantino and Vojnovic (2009)
extend the classical incomplete information all-pay auction to a multiple price all-pay auction
model and study how users choose between tasks with different rewards. In particular, they show

6Krishna and Morgan’s (1997) model assumes that everyone’s value of the bidding object is randomly drawn from
the same distribution, while Amann and Leininger (1996) prove the existence and uniqueness of a Bayesian Nash
equilibrium in the two-player incomplete-information all-pay auction with an asymmetric value distribution.
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that the higher the reward for a task, the more likely a user will be to participate in the task, which
is supported by the empirical data on Taskcn. However, they do not examine the price effect on the
answer quality, which is another crucial factor on all-pay auction crowdsourcing sites, in neither
theory nor empirical analysis.

Along with the development of the all-pay auction theory, most laboratory experiments also
examine simultaneous all-pay auctions (Davis and Reilly 1998; Potters, de Vries and van Winden
1998; Gneezy and Smorodinsky 2006; Noussair and Silver 2006; Lugovskyy, Puzzello and Tucker
2008; and Liu 2011). For example, Gneezy and Smorodinsky (2006) investigate individuals’ bid-
ding behaviors in all-pay auctions with complete information by varying the size of groups whereas
Liu (2010) studies how players behave when they are endowed with different bidding cost, which
approximates the ability difference between contestants in both online and offline activities. Nous-
sair and Silver (2006) initially study individual bidding behaviors and efficiency with incomplete
information all-pay auctions. Across these different simultaneous all-pay auction experimental
studies, overbidding behaviors are well reported. In particular, it increases with the number of
participants (Gneezy and Smorodinsky 2006) and players with lower bidding cost or higher object
value are more likely to overbid. Moreover, both the overbids and the behavior heterogeneity be-
tween different players can be explained by risk-aversion models which assume that individuals
are risk-averse instead of risk-neutral (Fibich, Gavious and Sela 2006; and Liu 2011).

In contrast with comprehensive research in simultaneous all-pay auctions, there is few stud-
ies in sequential all-pay auctions. First, Konrad and Leininger (2007) characterize the subgame
perfect Nash equilibrium in complete-information sequential all-pay auctions. They show that
the (weakly) dominant strategy for players with the lowest bidding cost is to enter late, while for
other players there is no difference between entering in early vs. later stages. Segev and Sela
(2011) study a sequential all-pay auction where players’ (bidding) abilities are privately informed
and only the ability distribution is the common knowledge. In particular, they show that giving a
head start to preceding players can improve contestants’ effort on average. Regarding experimen-
tal studies, Liu (2010) conducts an experimental study to examine Konrad and Leininger (2007)’s
model, extending it to a more competitive environment where everyone has the same bidding cost.
She finds that players learn to enter late with experiences across all treatments, even in the case
where Nash equilibrium predicts that players should be indifferent between entering early and late.

In this paper, based on the sequential all-pay auction model in Segev and Sela (2011) and
simultaneous all-pay auction model in Krishna and Morgan (1997), we first derive the comparative
statics of both price and the reserve-price effect on contestants’ bidding behaviors and these are
the theoretical benchmark for the experiment. Second, we conduct a field experiment on Taskcn
where both sequential and simultaneous all-pay auctions exist. To the best of our knowledge, this
is the first experimental study which examines the performance of sequential and simultaneous
all-pay auction mechanisms together. Furthermore, this is also the first experimental study which
investigates a real market with all-pay auction mechanisms and it has more direct impact on the
design of crowdsourcing sites and other contest activities compared to laboratory studies.

3 The Model
In this section, we first discuss incomplete information sequential all-pay auctions and then sum-
marize the major results in simultaneous all-pay auctions.
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3.1 Incomplete Information Sequential All-pay Auctions
Following Segev and Sela (2011), we first characterize sub-game perfect equilibria of incomplete
information sequential all-pay auctions. N players enter a contest sequentially.7 In period i where
1 ≤ i ≤ n, player i makes an effort bi ≥ 0 after observing previous players’ efforts.8 The player
who makes the highest effort wins the prize v.9 Specifically, player i wins a prize equal to v iff
bi ≥ bj for all j 6= i. When there is a tie, the winner goes to the later player.10 For player i, an
effort bi costs bi

ai
where ai ≥ 0 is the ability of player i and it is his private information. Player

i’s ability is independently drawn from the interval [0,1] according to a distribution function F (x),
which is common knowledge. In addition, we assume F (x) has a positive and continuous density
function F ′(x) > 0.11

We first discuss the case without reserve price.

3.1.1 Incomplete Information Sequential All-pay Auctions without Reserve Price

Using backward induction, the equilibrium effort of the last player: n, is given by:

bn(an) =

{
0 if 0 ≤ an <

1
v
max{bj(aj)}j<n

max{bj(aj)}j<n if 1
v
max{bj(aj)}j<n ≤ an ≤ 1

Next, player i, i = 2, ..n− 1 uses a strictly monotonic equilibrium effort function bi(ai) which
is the solution to the following optimization problem. In detail, applying the revelation principle,
player i with ability ai chooses to behave as an agent with ability s that maximize his utility.

max
s
{ Hi(

bi(s)

v
)︸ ︷︷ ︸

Probability of winning player j > i

∗v − bi(s)

ai
} (1)

s.t. bi(s) ≥ bj(aj) for all j < i
where Hi(x) =

∏n
j=i+1 Fj(x). By deriving the FOC and SOC of this constraint optimization

problem, we get the following result.

1. If Hi(x) is concave, player i’s equilibrium effort is:

bi(ai) =


0 if 0 ≤ ai <

←−ai
max{bj(aj)}j<i if←−ai ≤ ai ≤ −→ai
(H ′i)

−1( 1
ai
)v if −→ai ≤ ai ≤ 1

(2)

where←−ai =
1
v
max{bj(aj)}j<i

Hi(
1
v
max{bj(aj)}j<i)

and −→ai is defined by

7In this setting, we use contest and auction exchangeably.
8If bi = 0, we assume player i either bids 0 or quites the contest.
9In Segev and Sela (2011), they normalize the value as 1. We use v here as we study the price effect in the

experiment.
10This is just a technical condition to derive strict sub-game perfect equilibria instead of ε equilibria which converge

to strict sub-game perfect equilibria.
11In Segev and Sela (2010), they use different distribution functions for each player i and we use the same distribu-

tion function for all players to derive additional results.
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max{bj(aj)}j<i = (H ′i)
−1( 1

−→ai )v

Note, it is possible that −→ai ≥ 1, indicating that the 3nd range of equation 2 does not exist, in
other words, the local maximum point is a corner solution.

2. If Hi(x) is convex, then player i’s equilibrium effort i = 2, ..., n− 1 is given by:

bi(ai) =

{
0 if 0 ≤ ai <

←−ai
max{bj(aj)}j<i if←−ai ≤ ai ≤ 1

(3)

where←−ai =
1
v
max{bj(aj)}j<i

Hi(
1
v
max{bj(aj)}j<i)

In the end, player 1 solves the following maximization problem without constraint.

max
s
{H1(

b1(s)

v
)v − b1(s)

a1
} (4)

If H1(x) is concave, player 1’s equilibrium effort is:

b1(a1) =

{
0 if 0 ≤ a1 < ã

(H ′1)
−1( 1

a1
)v if ã < a1 ≤ 1

(5)

where ã = max{ 1
H′1(0)

, 0}
If H1(x) is convex, player 1’s equilibrium effort is given by: b1(a1) = 0 for all 0 ≤ a1 ≤ 1. To

make things more interesting, we assume Hi(x) is concave for ∀i from now on.
To model players’ likelihood of participating in a contest, we first compute their probability of

bidding non-zero bids.
First, given aj<i, the probability of bidding positive bids for player i > 1 is:

Prob(bi > 0|aj<i) = 1− Prob(bi = 0|aj<i) = 1−
∫ ←−ai
0

F ′(ai)dai = 1−F (
1
v
max{bj(aj)}j<i

Hi(
1
v
max{bj(aj)}j<i)

)

(6)
The joint probability is:

Prob(bi > 0) = 1−
∫ 1

0

...

∫ 1

0

∫ ←−ai
0

F ′(ai)daiF
′(ai−1)dai−1...F

′(a2)da2F
′(a1)da1 (7)

As F (x) is concave, when v increases, Prob(bi > 0) increases. We summarize this result in the
following proposition.

Proposition 1. In the incomplete information sequential all-pay auction, the higher the rewards,
the more likely players participate with positive bids.

Proposition 1 indicates that a task with higher rewards will attract more contestants to partici-
pate compared to those with lower rewards. Next, to characterize individuals’ effort in a contest,
we derive the equilibrium expected effort of each player. First of all, the expected effort of player
1 is:
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TE1 =

∫ 1

ã

(H ′1)
−1(

1

a1
)vF ′(a1)da1 (8)

As the expected effort of player i is less than player j where j < i, the expected highest effort is
always equal to the expected effort of player 1. Define HE as the expected highest effort, we have
HE = TE1. Furthermore, as TE1 monotonically increases with v, the expected highest effort:
HE also increases with v.

Next, the expected effort of player i, i = 2, ..., n is given by:

TEi =

∫ 1

0

∫ 1

b1(a1)
v

...

∫ 1

bi−2(ai−2)

v

∫ 1

bi−1(ai−1)

v

bi(ai)F
′(ai)daiF

′(ai−1)dai−1...F
′(a2)da2F

′(a1)da1

(9)
It is easy to show that TEi increases with v as well.
Therefore, the expected total effort: TE =

∑
TEi, also increases with v. We summarize these

results in the following property.12

Proposition 2. In the incomplete information sequential all-pay auction, the higher the rewards,
the higher the highest and total efforts.

Let us use a two-player example to illustrate this:

Example 1. Consider a sequential all-pay auction with two players whose abilities are distributed
according to a concave distribution function F1(x) = F2(x) = x0.5. In addition, the reward is
v ≥ 1.

The equilibrium effort function of player 1 is: b1(a1) =
a21
4
v and for player 2, it is:

b2(a2) =

{
0 if 0 ≤ a2 <

a21
4v

a21
4
v if a

2
1

4v
≤ a2 ≤ 1

The probability that player 2 bids positive bids is:

Prob(b2 > 0) = 1−
∫ 1

0

∫ a21
4v

0
da0.52 da0.51 = 1− 1

6
√
v

In addition, the probability that player 1 bids positive bids is 1.
Therefore, the expected highest effort, which is also the expected effort for player 1, is the

following:
HE = v

∫ 1

0

a21
4

1
2
√
a1
da1 = 0.05v

The expected total effort is:
TE = v

∫ 1

0
(2− a

2
)
a21
4

1
2
√
a1
da1 ≈ 0.08v

Next, we extend this sequential all-pay auction model to include a reserve price and examine
the effects of a reserve price on equilibrium efforts.

12Note: Both proposition 1 and 2 hold in the sequential all-pay auction with reserve-price and the simultaneous
all-pay auctions.
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3.1.2 Incomplete Information Sequential All-pay Auctions with Reserve Price

In the incomplete information sequential all-pay auctions with reserve price, we introduce the
reserve price parameter b0. Similar to the sequential all-pay auction without reserve price, player i
wins a prize equal to v iff bi ≥ max{bj, b0}, ∀j 6= i .

Again, we first characterize the equilibrium effort of the last player: n.

1. If max{bj(aj)}j<n = 0, then

bn(an) =

{
0 if 0 ≤ an <

b0
v

b0 if b0
v
≤ an ≤ 1

(10)

2. If max{bj(aj)}j<n > 0, then

bn(an) =

{
0 if 0 ≤ an <

1
v
max{bj(aj)}j<n

max{bj(aj)}j<n if 1
v
max{bj(aj)}j<n ≤ an ≤ 1

(11)

Player i, i = 2, ..n− 1 uses a strictly monotonic equilibrium effort function bi(ai) which is the
solution to the following optimization problem.

max
s
{Hi(

bi(s)

v
)v − bi(s)

ai
} (12)

s.t. bi(s) ≥ bj(aj) for all j < i and bi(s) ≥ b0
where Hi(x) =

∏n
j=i+1 Fj(x).

Then, player i’s equilibrium effort is

1. If max{bj(aj)}j<i = 0, then

bi(ai) =


0 if 0 ≤ ai <

←−ai
b0 if←−ai ≤ ai ≤ −→ai

(H ′i)
−1( 1

ai
)v if −→ai ≤ ai ≤ 1

(13)

where←−ai = max{ 1
H′i(0)

,
1
v
b0

Hi(
1
v
b0)
} and b0 = (H ′i)

−1( 1
−→ai )v

2. If max{bj(aj)}j<i > 0,13 then we have

bi(ai) =


0 if 0 ≤ ai <

←−ai
max{bj(aj)}j<i if←−ai ≤ ai ≤ −→ai
(H ′i)

−1( 1
ai
)v if −→ai ≤ ai ≤ 1

(14)

where←−ai =
1
v
max{bj(aj)}j<i

Hi(
1
v
max{bj(aj)}j<i)

and −→ai is defined by

max{bj(aj)}j<i = (H ′i)
−1( 1

−→ai )v

13In the equilibrium, if max{bj(aj)}j<i > 0, then it must be: max{bj(aj)}j<i ≥ b0.
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In the end, player 1 solves the same maximization problem as before except that there is a new
inequality constraint b1(s) ≥ b0. For player 1, the equilibrium effort function is:

b1(a1) =


0 if 0 ≤ a1 <

←−a1
b0 if←−a1 ≤ a1 ≤ −→a1

(H ′1)
−1( 1

a1
)v if −→a1 ≤ a1 ≤ 1

(15)

where←−a1 = max{ 1
H′1(0)

,
1
v
b0

H1(
1
v
b0)
} and b0 = (H ′1)

−1( 1
−→ai )v

In the example 1, if there is a b0 = 0.01v, then we have

b1(a1) =


0 if 0 ≤ a1 ≤ 0.1

0.01v if 0.1 ≤ a1 ≤ 0.2
a21
4
v if 0.2 ≤ a1 ≤ 1

(16)

If 0 ≤ a1 ≤ 0.2

b2(a2) =

{
0 if 0 ≤ a2 ≤ 0.01

0.01v if 0.01 ≤ a2 ≤ 1
(17)

If 0.2 ≤ a1 ≤ 1

b2(a2) =

{
0 if 0 ≤ a2 ≤ 0.2
a21
4
v if 0.2 ≤ a2 ≤ 1

(18)

Therefore
TE1 = HE = v

∫ 0.2

0.1
0.01 ∗ 0.5a−0.51 da1 + v

∫ 1

0.2

a21
4
∗ 0.5a−0.51 da1 ≈ 0.0504v

TE2 = v
∫ 0.2

0

∫ 1

0.01
0.01 ∗ 0.5a−0.52 da20.5a

−0.5
1 da1 + v

∫ 1

0.2

∫ 1
a21
4

a21
4
∗ 0.5a−0.52 da20.5a

−0.5
1 da1 ≈

0.035v
TE = TE1 + TE2 ≈ 0.085v
In this example, both the expected highest effort and the total effort are higher than those

without reserve price.
In addition, in contrast with the positive price effect on participation in section 3.1.1, the prob-

ability of bidding positive bids decreases with b0 ∀i. Intuitively, the higher the b0, the more likely
a contestant with low ability will not participate in a contest. We summarize this result in the
following proposition.

Proposition 3. In the incomplete information sequential all-pay auction, the higher the reserve
price, the less likely players participate with positive bids.

3.1.3 Optimal Reserve Price

Assuming F (x) = xβ where 0 < β < 1 and β < 1
n−1 ,14 we show that both the expected highest

effort and the total effort increase with b0 first and then decrease with b0.
First, we derive the equilibrium bidding function for player 1.

14The assumption of β < 1
n−1 is used to guarantee the concavity of Hi(x) ∀i.
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1. If b0 ≤ v[(n− 1)β]
1

1−(n−1)β , the equilibrium effort function is

b1(a1) =


0 if 0 ≤ a1 <

←−a1
b0 if←−a1 ≤ a1 ≤ −→a1

((n− 1)βa1)
1

1−(n−1)β v if −→a1 ≤ a1 ≤ 1

(19)

where←−a1 =
1
v
b0

(
b0
v
)(n−1)β

and −→a1 = 1

(n−1)β( b0
v
)(n−1)β−1

.

The expected effort for player 1 is

TE1 = v[(n− 1)β]
1

1−(n−1)β
β − (n− 1)β2

1 + β − (n− 1)β2
+

b
1+β−(n−1)β2

0 v(n−1)β
2−β(

((n− 1)β)−β

1 + β − (n− 1)β2
− 1) (20)

As ∂TE1

∂b0
> 0, the expected bids for player 1 increases with b0 when b0 ≤ v[(n−1)β]

1
1−(n−1)β .

2. If b0 ≥ v[(n− 1)β]
1

1−(n−1)β , we only have corner solutions.

For player 1, the equilibrium effort function is

b1(a1) =

{
0 if 0 ≤ a1 ≤ ←−a1
b0 if←−a1 ≤ a1 ≤ 1

(21)

where←−a1 =
1
v
b0

(
b0
v
)(n−1)β

Therefore, the expected effort for player 1 is TE1 = b0 − v(n−1)β
2−β ∗ b1+β−(n−1)β

2

0 .

It is easy to show that TE1 increases with b0 first and then decreases with b0. The optimal
reserve price is

b∗0 = v(
1

1 + β − (n− 1)β2
)

1
β−(n−1)β2 (22)

As TE1 ≥ TEi>1, we summarize this result in the following proposition.

Proposition 4. Assuming F (x) = xβ where 0 < β < 1, the optimal reserve price for the expected
highest bids is

b∗0 = v(
1

1 + β − (n− 1)β2
)

1
β−(n−1)β2 (23)

Note that the higher the reward: v, the higher the optimal reserve price. Furthermore, the
optimal reserve price increases with β, indicating that if there are few high ability contestants, the
optimal reserve price should be higher.

However, as the characterization of TEi>1 depends on player j < i, we are not able to compute
the optimal reserve price for the expected total bids in the generalized n-player case. In the two-
player case, the optimal reserve price for player 2 is:

b∗
′

0 = v(β + 1)−
1
β , which is different with player 1’s optimal reserve price.

Figure 1 presents HE = TE1 and TE as a function of b0 when β = 0.5, v = 1 and n = 2.
In particular, the optimal reserve price is 0.41 for the expected highest effort and it is 0.43 for the
expected total effort.

11



0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.01

0.02

0.03

0.04

0.05

0.06

0.07

0.08

0.09

Reserve Price

T
he

 E
xp

ec
te

d 
H

ig
he

st
 E

ffo
rt

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.05

0.1

0.15

0.2

0.25

Reserve Price

T
he

 E
xp

ec
te

d 
T

ot
al

 E
ffo

rt

Figure 1: The Expected Highest and Total Efforts: β = 0.5; v = 1; n = 2

3.2 Incomplete Information Simultaneous All-pay Auctions
In this section, we extend the incomplete information simultaneous all-pay auction model in Kr-
ishna and Morgan (1997) to include the reserve price.

3.2.1 Incomplete Information Simultaneous All-pay Auctions Without Reserve Price

In simultaneous all-pay auctions, all players submit their bids simultaneously. Each player’s bid-
ding ability is randomly drawn from [0, 1] according to F (x). Similar to player 1 in the sequential
all-pay auction, player i in the simultaneous all-pay auction solves the following maximization
problem:

max
s
{Hi(

bi(s)

v
)v − bi(s)

ai
} (24)

where Hi(x) =
∏n

j 6=i Fj(x).
Assuming Hi(x) is concave, we have player i’s equilibrium effort: bi(ai) = (H ′i)

−1( 1
ai
)v

For example, if there are two players, bi(ai) =
a2i
4
v, the expected total effort is TE = 2v ∗∫ 1

0
x2

4
∗ 0.5 ∗ x−0.5 = 0.1v, which is greater than the total effort in example 1. In addition, the

expected highest effort is still 0.05v, which is equal to the one in example 1. As TEi ≤ TE1, we
have the following property.

Proposition 5. IfHi(x) =
∏n

j 6=i Fj(x) is concave ∀i, then the expected total effort in simultaneous
all-pay auctions is higher than that in sequential all-pay auctions.
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3.2.2 Incomplete Information Simultaneous All-pay Auction With Reserve Price

In simultaneous all-pay auctions with reserve price, each player i solves the same maximization
problem as player 1 in sequential all-pay auctions.

max
s
{Hi(

bi(s)

v
)v − bi(s)

ai
} (25)

s.t bi(s) ≥ bj(s) ∀j 6= i, bi(s) ≥ b0
where Hi =

∏
j 6=i Fj(x)

Therefore, we have

bi(ai) =


0 if 0 ≤ ai <

←−ai
b0 if←−ai ≤ ai ≤ −→ai

(H ′i)
−1( 1

ai
)v if −→ai ≤ ai ≤ 1

(26)

where←−ai = max{ 1
H′i(0)

,
b0
v

Hi(
b0
v
)
} and −→ai = 1

H′i(
b0
v
)
. Note, it is not necessarily true that −→ai ≤ 1 and

then the third range of equation 26 does not exist.

4 Experiment Design
We use a 2x3 factorial design to investigate the price and the reserve price effects on users’ behav-
iors under both sequential all-pay and simultaneous all-pay auction mechanisms. Specifically, we
are interested in understanding whether tasks with higher prices would attract more submissions as
well as higher answer quality. We are also interested in determining whether a high-quality answer
posted early can deter the entry of late answers, especially if it is posted by a user with a history of
winning on the site.

4.1 Task Selection: Programming and Translation Tasks
We choose to use translation and programming tasks for this experiment, as the quality of these
two types of tasks is quite standard and objective.

For programming tasks, we collected 28 real programming problems from students at the Uni-
versity of Michigan School of Information, consisting of 14 Javascript and 14 Perl tasks. All these
tasks were not searchable and had practical implications. In the experiment, they were randomly
assigned to different price treatments. We were unable to provide shill answers for programming
tasks due to their difficulty. Consequently, we only used translation tasks in the shill treatments.

For translation tasks, we selected two types of translation work: personal statements collected
from Chinese graduate students at the University of Michigan and company introductions down-
loaded from Chinese websites. We chose these two types of translation tasks because they are
challenging, requiring a high level of skill and effort compared to other types of translation work,
such as translating a CV. For each translation in shill treatments, we provided a shill answer which
was either provided by the personal statements’ owners or created by two of our undergraduate
research assistants. To ensure that the shill answer had a relatively high quality, we asked one
Chinese student to translate each company introduction from Chinese to English, then asked the
other American student to revise it.

13



Table 1: Summary Statistics about Tasks on Taskcn by March 27, 2009
Award(in Yuan) # Submission

Mean Median Mode Mean Median Mode
Programming 254 100 100 9.5 6 3
Translation 171 100 100 145 57 4

4.2 Treatments
To prepare for the experiment, we crawled all the tasks on Taskcn posted by March 27, 2009.
Table 1 contains the summary statistics for both programming and translation tasks. Our parameter
choices are based on the summary statistics in Table 1.

To investigate the price effects, we choose two prices for our tasks: 100 Yuan and 300 Yuan.
First, using the median price as the low price for both programming and translation tasks guarantees
a certain amount of participation, even for low-price treatments. Second, the gap between 100 and
300 is salient enough for us to observe price effects on users’ behaviors. Altogether, we have six
different treatments in this experiment:

1. High Price, No Shill: each task is posted with 300 Yuan as a reward.

2. High Price, Shill without credit: each task is posted with 300 Yuan as a reward. On average,
within three hours after the task is posted, we post a shill answer. Each shill is posted under
a different users name.

3. High Price, Shill with credit: each task is posted with 300 Yuan as a reward. Averagely,
within three hours after the task is posted, we post a shill answer using an existing account
on Taskcn. The owner of this account has 4 credits, representing a relatively high winning
record on the site.15

4. Low Price, No Shill: same as treatment 1 except that the reward is 100 yuan.

5. Low Price, Shill without credit: same as treatment 2 except that the reward is 100 yuan.

6. Low Price, Shill with credit: same as treatment 3 except that the reward is 100 yuan.

4.3 Experiment Procedure
We posted 148 tasks on Taskcn from June 3 - June 22, 2009, 8 tasks per day. We select a single
winner for each task. To avoid reputation effects from the askers’ side, we used different Taskcn
identities for each task by creating 148 new accounts. Therefore, each task was posted by a unique
user ID with no history . After a task was posted, any user could participate and submit their
answers within 7 days. After the seventh day, we selected one answer as the winner and the shill
is never selected as the winner.16

15Users earn 1 credit whenever they earn 100 yuan on the site. We developed this shill account by participating in
some tasks before the experiment.

16The experimenter went through all answers and selected the best answer based on her judgement. The correlation
between experimenter’s judgement and raters’ judgement is significant at 1% level.
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5 Hypotheses
In this section, we describe our hypotheses comparing users’ behaviors between different treat-
ments based on theoretical predictions in section 3. We are interested in two outcome measures:
participation and answer quality. Participation is approximately equivalent to the number of non-
zero bids and answer quality is approximately equivalent to the bids in the model.

First, based on predictions in proposition 1 and 2, we expect that a task with a higher reward
will receive more participation and higher answer quality.

Hypothesis 1 (Price: participation). A task with a high reward attracts more submissions than a
task with a low reward.

Hypothesis 2 (Price: quality). A task with a high reward attracts answers of higher quality than a
task with a low reward.

Moreover, based on predictions in proposition 3 and the empirical studies on reputation ef-
fects, we expect to observe less participation in shill treatments compared to no-shill treatments,
especially in the shill-with-credit treatments.

Hypothesis 3 (Shill: participation). The early entry of a high-quality answer (the shill answer) will
deter the entry of others, consequently, the total amount of participation in shill treatments will be
less than in the no-shill treatments. Furthermore, this shill effect on the number of participation is
more salient in shill-with-credit treatments than in shill-without-credit treatments.

In the end, we expect that answer quality in shill treatments will be lower than that in no-shill
treatments, especially in the shill-with-credit treatments.

Hypothesis 4 (Shill: quality). The average answer quality will be lower in shill treatments than
no-shill treatments, especially in shill-with-credit treatments.

6 Analysis and Results
In this section, we present our analysis and results. We first present the rating protocol for question
difficulty and answer quality in 6.1, we then discuss the results in 6.2.

6.1 Rating Procedure
The rating protocol here is similar to the one used in Chen et al. (2010). For the translation tasks,
nine Chinese graduate students were recruited from the University of Michigan. The majority
of them were masters students at the School of Information. As the school requires a TOEFL
score of at least 600 when admitting international students, they all had relatively high reading
and writing skills in English as non-native speakers. For the programming tasks, three Chinese
graduate students were recruited from the University of Michigan School of Information. All of
them had an undergraduate major in computer science and several years of experience in web
programming.

15



Table 2: Summary Statistics about Raters
Group # Questions # Answers # Female # Male Average Age

Translation 1 43 265 1 2 24
2 35 215 1 2 24
3 42 284 3 0 23

Programming 1 28 0 3 25

As there were 3671 translation answers in total, the nine raters were randomly assigned to
three different rating groups. Raters within each group independently rated the same question-
answer pairs. Because the length of each task-answer pair varied, different groups ultimately rated
different amounts of pairs. Table 2 provides the corresponding statistics for their rating quantities.
On the other hand, the three programming raters rated all programming tasks due to the small
number of answers for programming tasks. The corresponding summary statistics are also included
in table 2.

All raters followed the same rating procedure for each question-answer pair. For each question,
we randomly selected one machine translation from the answer pool as well as all non-machine
translations.17 All the rating questions are included in Appendix A.

To improve the reliability of students’ ratings, we conducted training sessions before the rating
sessions began. For translation tasks, we gave raters one sample personal statement and company
introduction, then asked them to rate the difficulty of both questions.18 We also gave them two
answers for each question and asked them to rate each answer’s quality. One of the answers was
written by the personal statement provider or our two undergraduate research assistants, and the
other was randomly drawn from the answers that we received from the pilot session. For the
programming task, we follow the same procedure with two sample questions. In addition, to help
raters develop and refine their own personal rating scales instead of encouraging consensus among
them, we asked them to individually give reasons for their rating scores for each question-answer
pair.

From October 2009 to February 2010, we conducted 45 rating sessions at the University of
Michigan School of Information Laboratory. Each session lasted two hours to prevent fatigue.
Students were paid a flat fee of $15 per hour to compensate them for their time. We used intra-class
correlation coefficients to measure inter-rater reliability. Table 3 represents the reliability statistics
for each group; good-to-excellent reliability is observed for all ratings.19 In addition, both the
internal consistency of the multi-item scales and the correlation between the summed ratings and
the overall rating is high. This indicates that the multi-item scale and the overall ratings for both
questions and answers are measuring something very similar. Based on these results, Q1 d and Q3
will be used to represent the difficulty of the question and the quality of the answer, respectively,

17Before the rating sessions, we pre-screened all answers. Specifically, we asked three Chinese students to in-
dependently judge whether an answer was machine-translated or not. If two of them agreed that an answer was
machine-translated, we categorized it as a machine translation.

18These two tasks were used in the pilot session before the experiment. The purpose of the pilot session was to
check the price and task duration parameters.

19In general, values above 0.75 represent excellent reliability, values between 0.40 and 0.75 represent fair to good
reliability, and values below 0.40 represent poor reliability.
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Table 3: Inter-rater Reliabilities: Intraclass Correlation Coefficient
Type Group Task Difficulty Answer Quality
Translation 1 0.62 0.90

2 0.88 0.88
3 0.72 0.68

Programming 1 0.49 0.49

in subsequent analysis.

6.2 Results
6.2.1 The Price Effect

We first examine how different prices affect participation. Due to the existence of machine transla-
tions and answers copied from others, we examined the quantity of all submissions and the quantity
of human answers separately (for translation tasks). The criteria for human answers, which repre-
sent a certain amount of effort, are therefore: (1) not machine-translated; and (2) not copied from
others.

Result 1 (Price Effect on Participation). No matter which type of the answer they receive, transla-
tion tasks in high-price treatments always have more submissions compared to tasks in low-price
treatments (Average Number of Submissions/Question: All Answers: 35 vs. 26; Human Answers:
6 vs. 3).

Support. Table 4 presents the summary statistics and treatment effects for translation tasks. The
average number of translation submissions is significantly higher in high-price treatments than in
low-price treatments (Two-sample t-test, p < 0.01, one-sided), furthermore, this difference is also
significant for human translation answers (Two-sample t-test, p < 0.01, one-sided).

By Result 1, we reject the null in favor of Hypothesis 1. This result indicates that a higher re-
ward does attract more submissions, which is consistent with our theoretical predictions in section
3 as well as other empirical findings on Taskcn and other crowdsourcing sites.

Next, we examine the price effect on human answer quality.20 We measure two aspects of
answer quality: the average quality of all human answers and the quality of the best answer for
each question, as each of them represents askers’ different preferences. For example, it is better
for an asker who is seeking a logo design to get as many answers as possible because each of them
may represent different design styles, whereas an asker who is seeking a translation, which has a
very standard measure of quality, may prefer one excellent answer to spending much time selecting
one of many as the winner.

Result 2 (Price Effect on Answer Quality). On average, the quality of human translation answers
is higher in high-price treatments than in low-price treatments (Average Median Quality: 5.06 vs.
4.76). Consistently, the quality of the best translation answer is higher in high-price treatments
than in low-price treatments (Average Median Quality: 6.04 vs. 5.67).

20As we are interested in investigating answerer effort by analyzing answer quality, non-human translations, which
represent little effort, are not included in this series of analysis.
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Table 4: Summary Statistics and Treatment Effects for the Number of Submissions

All Answers Average Number of Submissions Shill Treatment Effects: p-value
NS SWO SW Total NS vs. SWO NS vs. SW SWO vs. SW

High Price 35 34 36 35
Low Price 27 26 25 26
Total 31 30 30 0.425 0.436 0.488
Price Treatment Effects: p-value 0.000
Human Answers Average Number of Submissions Shill Treatment Effects: p-value

NS SWO SW Total NS vs. SWO NS vs. SW SWO vs. SW
High Price 6 5 6 6
Low Price 4 3 3 3
Total 5 4 5 0.141 0.204 0.360
Price Treatment Effects: p-value 0.000

Support. Table 5 presents the summary statistics and treatment effects. Using an ordered probit
specification with standard error clustered at the question level,21 we find that the quality difference
between the different price treatments is significant at the 5% level for both all human answers and
best answers (Human Answers: p = 0.028, Best Answers: p = 0.012,one-sided).

By Result 2, we reject the null in favor of Hypothesis 2, indicating that monetary incentive is
successful to attract high quality answers.

6.2.2 The Reserve-Price (Shill) Effect

In this section, we analyze the reserve-price (shill) effect on answerers’ behaviors. Due to the sig-
nificant higher answer quality of shill answers than others, we expect to observe fewer submissions
and lower answer quality in shill treatments compared to no-shill treatments as it leaves little room
for others to improve, particularly if the shill answer is posted by a user with credits.

Result 3 (Shill Effect on Participation). No matter which type of the answer they receive, transla-
tion tasks in the shill treatments do not receive fewer submissions than tasks in no-shill treatments
(Average Number of Submissions/Question: All Answers: 30 (30) vs. 31; Human Answers: 4 (5)
vs. 5).

Support. Table 4 presents the summary statistics and treatment effects for translation tasks. In-
cluding all answers to each question, the average number of submissions is 30 in both of the shill
treatments, and 31 in the no-shill treatments. None of the pairwise t-tests are significant (p > 0.1,
one-sided). The average number of human answer submissions is 4 in the shill-without-credit
treatments, 5 in the shill-with-credit treatments, and 5 in the no-shill treatments. Again, none of
the pairwise t-tests are significant (p > 0.1, one-sided).

21The reason that we cluster at the question level is that 80% human answer users participate in only one or two
tasks, therefore, we treat each question as one independent observation.
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Table 5: Summary Statistics and Treatment Effects on the Quality of Answers
Human Answers Quality of Answers Shill Treatment Effects: p-value

NS SWO SW Total NS vs. SWO NS vs. SW SWO vs. SW
High Price 5.50 4.75 4.89 5.06
Low Price 4.98 4.62 4.55 4.76
Total 5.29 4.71 4.80 0.002 0.003 0.316
Price Treatment Effects: p-value 0.028
Best Answers Quality of Answers Shill Treatment Effects: p-value

NS SWO SW Total NS vs. SWO NS vs. SW SWO vs. SW
High Price 6.58 5.76 5.75 6.04
Low Price 5.89 5.60 5.47 5.67
Total 6.24 5.69 5.63 0.001 0.000 0.352
Price Treatment Effects: p-value 0.028

By Result 3, we fail to reject hypothesis 3. Furthermore, we investigate the shill effect on
answer quality. Although the existence of a high quality answer does not significantly affect the
entry of the whole population, it is possible that it deters the entry of experts. More individual
analysis will be discussed in later section and we first report the aggregate result here.

Result 4 (Shill Effect on Answer Quality). The average quality of human translation answers is
lower in the shill treatments than in the no-shill treatments (Average Median Quality: 4.71 (4.80)
vs. 5.29). Furthermore, the quality of the best answer is lower in the shill treatments compared to
the no-shill treatments (Average Median Quality: 5.69 (5.63) vs. 6.24).

Support. Table 5 presents the summary statistics and treatment effects. Using ordered probit
specification with standard error clustered at the question level, we find that the quality differ-
ence of human answers between the shill-without(with)-credit treatments and no-shill treatments
is significant at 1% level (p < 0.01, one-sided). Similarly, the quality difference of best answers
between the shill-without(with)-credit treatments and no-shill treatments is also significant at 1%
level (p < 0.01, one-sided).

By Result 4, we reject the null in favor of Hypothesis 4. However, comparing shill-without-
credit treatments and shill-with-credit treatments, we fail to find any reputation effect (p > 0.1,
one-sided).

In the end, we systematically investigate all factors that determine the number of submissions
and answer quality. Table 6 reports two OLS specifications, with the number of submissions as the
dependent variable for all answers and for human answers. Each specification includes the follow-
ing independent variables: (1) the price dummy, which captures the price effect on submissions;
(2) the shill dummy, which measures the shill effect on submissions; (3) the reputation dummy
for the shill’s reputation effect on the entry of others; (4) the median question difficulty score,
which controls for question difficulty. The coefficient of the price dummy is positive and signifi-
cant at 1% level in both (1) and (2), indicating a consistent and robust price effect on the number
of submissions when we control the effects of other factors. The question difficulty coefficient is
negative and significant at the 5% level, indicating that the more difficult the question is, the fewer
submissions it gets.

19



Table 6: Determinants of Submission Numbers
Dependent Variable (1) (2)

All Answers Human Answers
Price 3.049*** 2.641***

(0.709) (0.678)
Shill -1.321 -1.459*

(0.879) (0.836)
Reputation 0.424 0.293

(0.868) (0.830)
Question Difficulty -0.739** -0.832**

(0.370) (0.352)
Observations 120 112
R-squared 0.165 0.166
Notes:
1. OLS: standard errors are in parentheses.
2. * significant at 10%; ** 5%; *** 1%

Regarding answer quality, Table 7 reports two ordered probit specifications with standard error
clustered at the question level. The dependent variables are the quality of all human answers and
best answer for each respective question. Consistent with the summary statistics in table 5, the
coefficient of the price dummy is positive and significant at 5% level in both (1) and (2). The
coefficient of the shill dummy is negative and significant at the 1% level in both (1) and (2),
indicating a robust shill effect on answer quality when we control other factors. The coefficient of
question difficulty is positive and significant at the 5% level in (1), indicating that answers to more
difficult questions are more likely to get higher ratings.

In summary, we find significant price effects on both participation and answer quality, indicat-
ing that monetary incentive is useful to induce more submissions and better answers. Meanwhile,
the existence of shill answers does not significantly affect the number of submissions, however, the
answer quality dramatically decreases with the existence of shill answers. In the next section, we
investigate different user’s behaviors based on their winning experiences.

6.2.3 Individuals’ Entry

There are three different ways to characterize users’ heterogeneity on the site: (1) credits: rep-
resenting the credit of each user from winning tasks. Each user wins 1 credit for everyone one
hundred yuan he earns on the site.22 (2) winning ratios: representing the ratio of winning expe-
riences. It is defined by # of wins/# of participated tasks. (3) guru scores (Nam, Ackerman and
Adamic, 2009): representing the answerers performance relative to the random chance of his or
her answers being selected as the best. The guru score of user i, gi, is defined by the following
rule:

22The mechanism of calculating credits is to round down users’ credit. For example, if someone has earned 380
yuan, his credit is 3.
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Table 7: Determinants of Answer Quality
Dependent Variable (1) (2)

Human Answers Best Answers
Price 0.295** 0.553**

(0.146) (0.226)
Shill -0.600*** -0.948***

(0.188) (0.300)
Reputation 0.012 -0.121

(0.158) (0.245)
Question Difficulty 0.144** 0.141

(0.063) (0.137)
Observations 534 105
R-squared 0.037 0.107
Notes:
1. Ordered probit: standard errors are clustered
at the question level and they are in parentheses.
2. * significant at 10%; ** 5%; *** 1%

gi =

∑m
j=1(bij − xij)∑m

j=1 xij
(27)

where xij = 1
nj

, xi =
∑m

j=1 xij represents the sum of probabilities that user i’s answers are
chosen as the best for each task j if all askers randomly select one answer as the best one. bij = 1
if user i provides the best answer for each task j and 0 otherwise. m is the number of tasks user i
participates in and nj is the total number of answers for task j. Compared to winning ratios, guru
scores take into account the number of other users answering each question and indicate whether
a user’s performance is better or worse than chance.

Table 8 reports the summary statistics of users’ credits, winning ratios and guru scores.23 We
categorize users into two types based on their median scores for these three measurements: (1)
experienced users: representing users who have winning experiences on Taskcn. Specifically, they
are users whose credit is greater than 0 or whose winning ratio (guru score) is greater than 0 (-1);
(2) inexperienced users who do not have any winning experiences before the experiment. Table 9
has the number and the percentage of each type of users in the experiment. Specifically, 84% users
who participate in the experiment are inexperienced users and only 16% of them are experienced
users.

We first investigate the relationship between user type and price effect. Table 10 reports the
proportion of high-price tasks undertaken by each user type. Consistent with Result 1, the propor-
tion of choosing high-price tasks is significantly higher than 50% for all types of users, indicating
a significant price effect on participation at the individual level. Furthermore, the likelihood of
choosing high price tasks is significantly lower for experienced users than that for inexperienced

23These summary statistics were computed based on the field data up to June 2, 2009, which is the day before the
experiment started.
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Table 8: Summary Statistics for Participants in the Experiment
All Answers Human Answers
Mean Median Mean Median

credit 4.97 0 8.08 0
winning ratios 0.02 0 0.07 0
guru scores 0.02 -1 1.66 -1

Table 9: The Percentage of Each User Type in the Experiment
Number of Users Percentage

Experienced Users 154 16
Inexperienced Users 794 84

users (All Answers: p = 0.02; Human Answers: p < 0.01, one-sided Two-sample T-test). In
addition, Figure 3 represents the cumulative distribution function (cdf) of average user credit for
each question between different price treatments. Using Kolmogorov-Smirno Test, we find the
difference of the cdf between the high price treatment and the low price treatment is significant
(p = 0.031, one-sided). We summarize these findings in the next result:

Result 5 (Price Effect on Entry). Compared to inexperienced users, experienced users are less
likely to choose high price tasks (All Answers: 0.70 vs. 0.75; Human Answers: 0.75 vs. 0.90).

Support. Table 10 reports the two-sample t-test results which compare the proportion of high-
price tasks by user type. For both answer types, the proportion of high-price tasks selected by
experienced users is significantly lower than that for inexperienced users.

Result 5 shows that users with different experiences respond to monetary incentives differently.
In particular, a higher reward does attract users who have no winning experiences, however, it has
less effect on the entry for experienced users on the site. This is consistent with the empirical
finding in Yang et al. (2008b), where experienced users are less likely to choose popular tasks.
The success of monetary incentive in enticing the participation of majority users, explains why we
observe higher answer quality in high-price tasks versus low-price tasks.

Next, we examine how the existence of shill answers influences each type of user’s behaviors.
Table 11 reports the proportion of tasks with shill answers selected by each user type. Consistent
with price effect results, experienced users are significantly less likely to choose tasks with shill
answers than inexperienced users (All Answers: p = 0.017; Human Answers: p < 0.01, one-sided

Table 10: The Proportion of Choosing High-price Tasks
User Type Experienced Users Inexperienced Users P-value
All Answers 0.70 0.75 0.020
Human Answers 0.75 0.90 0.000
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Table 11: The Proportion of Choosing Tasks with Shill
Experienced Users Inexperienced Users P-value

All Answers 0.77 0.81 0.017
Human Answers 0.75 0.88 0.000

Two-sample T-test). Figure 3 also represents the cumulative distribution function (cdf) of average
user credit for each question across different treatments. Using Kolmogorov-Smirno Test, we find
the difference of the cdf between shill and no shill treatments is significant (p = 0.047, one-sided).
We summarize these findings in the next result:

Result 6 (Shill Effect on Entry). Compared to inexperienced users, experienced users are less
likely to choose tasks with shill answers (All Answers: 0.77 vs. 0.81; Human Answers: 0.75 vs.
0.88).

Support. Table 11 reports the two-sample t-test results which compare the proportion of tasks
with shill answers by user type. For both answer types, the proportion of tasks with shill answers
selected by experienced users is significantly lower than that for inexperienced users.

Result 6 reveals that users with differing experiences choose different strategies when a task al-
ready has a good answer. Both result 5 and 6 imply that experienced users are more strategic when
choosing tasks with different monetary incentives and more likely to observe others’ behaviors
before participation.

Yang et al. (2008b) find that tasks with higher rewards lead to later submissions on average on
Taskcn. They suspect that either users strategically wait, or they need more time to finish tasks. In
this section, we investigate factors influencing users’ submission times.

Result 7 (Users’ Entry Timing). For translation answers, experienced users strategically submit
their answers later than others.

Support. Table 12 presents the OLS specification with standard error clustered at the question
level. The coefficient of experienced users dummy is positive and significant at the 1% level,
indicating that experienced users submit their answers later than others. The coefficient of the
human answer dummy is positive and significant at the 1% level, indicating that human answers
do take a significantly longer time to finish. The question difficulty coefficient is positive and
significant, indicating that users take more time to complete more difficult tasks.

7 Discussions
In this paper, we studied different design features of a knowledge market with an all-pay auction
mechanism by conducting a field experiment on Taskcn. By manipulating the monetary incentive
and the existence of a reserve price in the form of a good shill answer, we find that higher price
induces more participation and higher answer quality. Furthermore, the existence of a reserve price
lowers the answer quality in general and the individual analysis shows that it is because of the
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Table 12: Determinants of Submission Time
Dependent Variable Submission Time
Price -0.086

(0.160)
Human Answer 1.017***

(0.191)
Shill -0.0684

(0.187)
Reputation 0.267

(0.211)
Question Difficulty 0.357***

(0.0907)
Experienced Users 0.817***

(0.155)
Observations 697
R2 0.121
Notes:
1. OLS: standard errors are in parentheses.
2. * significant at 10%; ** 5%; *** 1%

less entry from experienced users. In addition, to increase their winning probability, experienced
users, especially those with expertise, are more strategic regarding their participation in tasks with
different monetary incentives (resp. reserve prices).

As users can choose to submit an answer with password protection so that other users cannot
read its content until the task is closed,24 the site actually provides users with the power to trans-
form the sequential all-pay auction into a simultaneous all-pay auction. We find that human answer
providers are more likely to protect their answers compared to those who provide non-human an-
swers (10% vs. 2%, p < 0.01, one-sided), indicating their strong desire of protecting their efforts.
In addition, all programming answers are password-protected and a simultaneous all-pay auction
mechanism is implemented in reality there. We find that similar price effect on programming tasks
as that on translation tasks.

In addition, the fact that the majority of the translation answers are machine translations reveal
the need for an entry barrier or censoring mechanism if the site wants to provide a better user
experience for askers. In addition, the reserve price in the form of shill answers successfully deters
the entry of experienced experts in the experiment and improves the market efficiency, indicating
the need of early entries, especially from experts. The effect of a simple tie-breaking rule is tested
in Liu (2010) and we find that players are more likely to enter early if the tie-breaking rule is to
favor early entries, consequently, the early player will bid a high bids and the late bidder will bid
0.

In the end, instead of imposing a single price, askers can also choose to reward multiple answer-
ers on Taskcn. Using multiple prizes to induce greater effort than a single prize is well-modeled

24We only focused on users who sent passwords via email and excluded users who participated in the answer
protection program as they don’t need to put extra effort on the specific answer.
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and examined in laboratory experiments (Moldovanu and Sela 2001; Muller and Schotter 2010).
However, there exists a lack of field evidence, the attainment of which will be our next goal in
studying the design of all-pay auction knowledge markets.
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8 Appendix A: Rating Questions
All translation raters are asked to provide ratings for the following items for each question-answer
pair:

1. Please rate the question for the following factors:

(a) Please rate the effort level in terms of time needed for a proficient translator. (0: 0-0.5
hour...10: 5-7 days)

(b) It requires deep understanding of a specific field. (1=strongly disagree...7=strongly
agree)

(c) It requires highly advanced English writing skills. (1=strongly disagree...7=strongly
agree)

(d) Please rate the overall translation difficulty of the original text. (1=very easy ... 7=very
difficult)

2. Please rate the answer for the following factors: (1=strongly disagree...7=strongly agree)

(a) Overall, the translation is accurate.

(b) The translation is complete.

(c) The translator has a complete and sufficient understanding of the original document.

(d) The translation is coherent and cohesive (it can be smoothly read).

(e) The translation properly conforms to the correct usage of English expression.

3. Please rate the overall quality of this translation work. (1=very low quality ... 7=very high
quality)

For the programming tasks, raters were asked to rate the following items for each question-
answer pair:

1. Please rate the question for the following factors:

(a) Please rate the effort Level in terms of time needed for a proficient programmer. (0:
0-0.5 hour...10: 5-7 days)

(b) Please rate the task by the level of expertise it requires to fulfill the task description.
(1-7)

2. Please rate the answer for the following factors:

(a) Please rate the solution on the effort level in terms of how much time a trained pro-
grammer needs to accomplish the present solution. (0: 0-0.5 hour...10: 5-7 days)

(b) Please rate the solution by the degree to which it realized the function requirement as
the task description. (1-7)

(c) Please rate the solution in terms of its methods, structure, and terminology involved in
design, which can be directly reflected as its readability, extendability, and testability.
(1-7)
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3. Please rate the overall quality of this programming work. (1=very low quality ... 7=very
high quality)
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Figure 2: Home page of Taskcn.com (snapshot on Jan 3, 2008)
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