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auctions. In order to design these systems optimally, it is
important to understand how buyers and sellers behave.
This paper studies buyer behavior in vWorker1 , an online
outsourcing auction platform that focuses on computer programming. In vWorker, a company or an individual (the
buyer ) outsources an IT project through a reverse auction
mechanism: any individual (the bidder or seller ) can submit sealed bids to any of the requests posted by buyers. For
each request, bids arrive over time and the buyer can decide
at any time to terminate the auction and select a bid. Our
goal is to study the behavior of the buyer with respect to
the timing of her decisions.
The fact that a buyer generally prefers to ﬁnd a good deal
without having to wait or search too long creates the following tradeoﬀ: terminating the auction early gives speed –
avoiding for instance, to delay a larger project; while waiting
might increase the quality and/or decrease the price of the
best bid. Since humans typically experience “entrapment”
in waiting situations [11], one can ask whether buyers in
online reverse auctions are also prone to a form of psychological bias with respect to the decision of terminating the
auction.
Our study begins by observing statistical patterns in the
number of bids received by requests at the time they were
closed by the buyers (hereinafter the number of bids), and by
assessing the relation between a bid’s position (i.e., if it was
the ﬁrst bid of the request, the second, or on the contrary,
the last one before the buyer closed the request) and its
empirical probability to be chosen. Two key observations
arise from the data. First, the number of bids follows a
geometric distribution. Second, for any given number of bids
n, the last bid (whose position is n) is chosen more frequently
while all other positions are chosen with approximately the
same frequency.
We show that this behavior cannot arise from simple models of rationality. We then provide a simple probabilistic
model that captures this behavior. In this model, after the
arrival of each bid the buyer stops with some probability,
depending on whether the most recent bid is the best so far:
the buyer stops with a larger probability if the most recent
bid is the best so far. Speciﬁcally, this model is characterized by two probabilities: the probability of stopping when
the most recent bid is the best so far, denoted by p, and
the probability of stopping when the most recent is not the
best so far, denoted by q. We refer to this model as the pq
stopping rule.
The key characteristic of the pq stopping rule is that p > q,

We empirically study buyer behavior in an online outsourcing website where sealed bid auctions are held with bids arriving over time. We focus on when buyers terminate their
requests and how they behave when choosing the winning
bid. We ﬁnd that buyers are more likely to choose the last
bid; and all other positions (i.e., the ﬁrst bid, the second bid,
until the penultimate bid) are chosen with approximately
the same frequency. We provide a simple probabilistic model that captures this behavior. The key characteristic of this
model is that buyers are more likely to stop when the most
recent bid is the best so far. This feature is related to the
sunk cost fallacy: once a buyer has waited for some time,
she has an escalating tendency to continue waiting until a
bid that is better than all prior bids arrives. A buyer is
unwilling to recall early bids, because that would make her
perceive the time since the arrival of early bids as “wasted”,
even though the time cost has already been incurred at the
time of the decision.
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1. INTRODUCTION
In the last decade, the Internet has not only become a vast
shopping mall for consumers and companies, but has also
helped various forms of auctions reach unprecedent scales.
Examples include the English auction, which has been popularized by eBay, the generalized second-price auctions in online advertising, “penny” auctions, and reverse/outsourcing
∗

Christina Aperjis

Work performed in part while an intern at HP Labs.

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for proﬁt or commercial advantage and that copies
bear this notice and the full citation on the ﬁrst page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior speciﬁc
permission and/or a fee.
Copyright 200X ACM X-XXXXX-XX-X/XX/XX ...$10.00.

1
http://www.vworker.com, previously known as Rent A
Coder (http://www.rentacoder.com)

1

that is, the buyer is more likely to stop when the most recent bid is the best so far. This behavior is related to the
sunk cost fallacy. Sunk costs are costs that have already
been incurred and cannot be recovered, and thus should not
inﬂuence an agent’s decisions. The sunk cost fallacy arises
when sunk costs aﬀect actors’ decisions; evidence from behavioral economics suggests that it is often the case [1]. The
sunk cost fallacy has been observed in a variety of settings,
where the cost can be in terms of money, eﬀort or time. The
latter occurs in the context of vWorker.
A buyer that has already spent time waiting for a better
bid has incurred some cost. A rational buyer would realize
that this cost is sunk and would not let it aﬀect her decision.
On the other hand, an irrational buyer feels that this time
would be wasted if she terminates the request when the most
recent bid is not the best so far. Thus, that a buyer may be
more likely to close a request when the most recent bid is
the best so far is a form of sunk cost fallacy.
The paper is organized as follows. After reviewing related
work in Section 2, we describe vWorker and our data set in
Section 3. Section 4 presents our main observations from
the data. Section 5 describes the pq stopping rule, which
is consistent with the observations from the data. Section 6
discusses several aspects of the pq stopping rule with respect
to the sunk cost fallacy.

inﬂuences a buyer’s stopping decision in a reverse auction
with sequential bids. Recently, Augenblick [2] showed that
bidding behavior in Swoopo can be explained by the sunk
cost fallacy. However, Swoopo uses penny auctions (a relatively new auction format), whereas in this paper we study
reverse auctions (an auction format that is widely used in
procurement both online and oﬄine).

3.

VWORKER

3.1

The Auction Process

vWorker is an outsourcing auction website which connects buyers – companies or individuals – with workers, some
working as freelancers, others acting on behalf of their ﬁrms.
Since our data is from Rent A Coder, which was specializing
in IT projects (such as websites, web browser add-ons, or small pieces of software), in what follows we refer to workers
as coders.
A buyer starts an auction by posting a request, describing the project. Coders can browse through all the open
requests by category and bid. A bid consists of a price and
generally includes a text where the coder provides information on her experience and/or explains how she intends to
execute the project. Coders cannot observe the bids that
a request has already received, i.e., this is an auction with
sequential sealed bids. Moreover, the buyer does not know
the number of bidders in advance.
At any point in time, a buyer can terminate the auction,
either by choosing a bid (if any bid was received), or by canceling her request. In both cases, the request is then closed
to new bids. When a bid is selected, an escrow is secured
from the buyer and the coder can start working. Once the
work is done, the coder is paid by the buyer according to
the price speciﬁed in the bid. Requests not closed by the
buyers expire after 3 months.

2. RELATED WORK
Since the emergence of e-commerce, speciﬁc questions related to the structure of online markets and the behavior
of their users have drawn a lot of interest from researchers.
Various models are attempting to describe the economics of
crowdsourcing (e.g., [5, 8]) while a few empirical studies have
considered crowdsourcing markets like Taskcn [15] and the
Amazon Mechanical Turk [10]. Outsourcing platforms have
been considered with respect to management issues. For instance, Gefen and Carmel have studied vWorker (then called
Rent A Coder) to investigate the ﬂat-world eﬀect in oﬀshore
outsourcing [7]. They pointed out that despite the higher
prices, buyers tend to prefer domestic service providers, especially those they previously worked with.
In Taskcn, one of the largest online outsourcing websites
in China, workers submit sample solutions to the task to
compete for winning it. Yang et al. [15] showed that experienced workers in Taskcn learn to submit later in order to get
a better chance of winning, because the time a worker takes
before submission could be a signal of the eﬀort spent on
it. However, this eﬀect does not arise in vWorker, because
coders do not submit sample solutions in order to enter the
auction. We suggest that buyer behavior on vWorker is related to the sunk cost fallacy.
Evidence of the sunk cost fallacy has been provided by various disciplines across the social sciences. Through a series of
experiments, Arkes and Blumer [1] showed that people have
a “great tendency to continue an endeavor once an investment in money, eﬀort, or time has been made”, and called
this behavior the “sunk cost eﬀect”. Before that, similar behavior had been identiﬁed: people tend to stick to the previous investment decisions that bring negative consequences
[12]. This escalation of commitment to a failing course of
action is further studied by Whyte [14] and Brockner [4]
from the organizational and social psychology perspective.
More generally, the sunk cost fallacy can be related to loss
aversion and prospect theory [9, 13]. The sunk cost fallacy
often emerges when decision makers are facing a sequence
of similar situations. In this paper, we study how this eﬀect

3.2

Dataset

Our data set consists of all requests and bids posted on the
website between the website’s inception (November 2000)
and October 2009. For our present purposes, we discarded
the requests which were cancelled or had expired, as well as
those with only one bid. Indeed, those requests are either
not relevant for studying the termination and selection behavior, or in the case of single-bid requests, might introduce
noise in the data. For instance, it could be the case that a
buyer has already decided to contract an acquaintance and
uses vWorker only to secure the transaction. The resulting data set contains 207,000 requests and 2.4 million bids.
We also have information on the 380,000 users (buyers and
coders) who were active during that period.
The data set was stored in a MySQL database. Analysis
and simulation were conducted with the software R.

4.

OBSERVATIONS

Since our objective is to understand when buyers terminate the requests and how they choose the winners, there
are two characteristics of each request we should pay particular attention to: how many bids it received and which bid
was chosen by the buyer. For each request we index the bids
in the chronological order of arrival. We use the following
notation:
• R(n) is the number of requests with n bids,
• r(n, k) is the number of requests with n bids for which
the kth bid is chosen,
2
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We also call π(n, k) the (empirical) “probability” that a buyer chooses the kth bid in a request with n bids. We make
two observations on R(n) and π(n, k).
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• π(n, k) = r(n, k)/R(n) is the proportion of requests
with n bids for which the kth bid is chosen.

Observation 1. R(n) follows a geometric distribution in
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Figure 2: The empirical probability π(n, k), as
illustrated by the histogram in the case where
n = 25 (top); and as visualized more generally by
π(n, n), maxk<n π(n, k) and mink<n π(n, k) for all 2 ≤ n ≤
25 (bottom).

Figure 1: R(n), the number of requests that have
n bids decreases in n. The trend is approximately exponential, as shown by the linear regression
log(R(n)) ∼ n for 2 ≤ n ≤ 100 (solid line).
Observation 1 says that the number of requests with n bids
is geometrically decreasing in n. Figure 1 shows log(R(n))
as a function of n. We see that the curve of dots is close
to a straight line in the range 2 ≤ n ≤ 100. The curve gets
ﬂat and noisy after n > 100, possibly because of the large
variance of the tail distribution. Restricting our attention
to 2 ≤ n ≤ 100, we get the following regression formula for
log(R(n)):
log(R(n)) = 9.4916 − 0.0757 · n, 2 ≤ n ≤ 100

5

and  are respectively maxk<n π(n, k) and mink<n π(n, k).
Figure 2 provides support for Observation 2(a) since circles
are always signiﬁcantly above the triangles, and also for Observation 2(b) in that the diﬀerences between (each pair of)
mink<n π(n, k) and maxk<n π(n, k) are relatively small.
To verify Observation 2(b) statistically, for each n we conduct the Pearson test on the null hypothesis that {π(n, k), k <
n} are equal. Given the weak increasing trend when k is
close to n, we test the following series of hypotheses

(1)

H0n,m : {π(n, k), k = 1, · · · , n − m} are equal.

2

The R of the regression is 0.99, hence the geometric distribution ﬁts the data very well.

where m = 1, 2, 3 and 4.
Results of the tests show that for most values of n, we
cannot reject the null hypotheses H0n,3 and H0n,4 . Yet H0n,1
is rejected at the 0.05 signiﬁcance level for all n and H0n,2 is
rejected for some n. These results support Observation 2 for
k < n − 2, and are also consistent with the weak increasing
trend we observe in Figure 2 (top). We are going to discuss
the trend later in in Section 6.

Observation 2. For any n > 1:
(a) π(n, n) is signiﬁcantly larger than π(n, k) for all k < n.
(b) π(n, k) is approximately the same for all k < n.
In other words, buyers are much more likely to accept the
last bid, whereas all positions before the last are selected
with approximately the same frequency.
Figure 2 (top) is a histogram of requests with n = 25 bids,
showing π(25, k) as a function of k. We see that the last bar
is signiﬁcantly higher than previous bars. Moreover, all bars
with k ≤ 24 have approximately the same heights. We also
note that there is a weak increasing trend of π(n, k) in k for
large k.
Observation 2 is more generally shown on Figure 2 (bottom). The grey line is 1/n, i.e., the probability that a given
position would be chosen if all positions were chosen with
equal probabilities. Circles represent π(n, n), the proportion of requests where the last bid was chosen. Triangles 

5.

MODELS

In this section, we search for a model that is consistent
with the observations in Section 4. Before considering speciﬁc models, we introduce a general framework that applies
throughout this section.
We associate each bid with the utility that the buyer
would derive by selecting it. We assume that this utility
depends on the bid’s attributes (e.g., price, bidder’s reputation). We note that a bid’s utility is subjective, since
diﬀerent buyers may value price and reputation diﬀerently.
However, since a bid is only addressed to one buyer (that
3

is, the buyer that posted the request), in what follows we
sometimes say the utility of the bid to refer to the utility
that the buyer would derive by selecting it.
We will refer to the bid that the buyer selected as the
“best bid.” In other words, the fact that a bid is selected by
a buyer implies that it maximizes the buyer’s utility among
all available bids.
The following assumptions will be used throughout this
section.

buyers in our dataset that always choose the last bid, therefore threshold strategies are probably not widely used among
buyers in vWorker.
Besides this particular case which leads to a threshold strategy, we have also assessed our deterministic model though
numerical simulations by using diﬀerent combinations of utility distributions, bid arrival processes and waiting cost
functions. We have not been able to ﬁnd a simple deterministic model that gives rise to Observations 1 and 2. Details
can be found in Appendix A.
Another potential model for the buyer’s behavior is that
when a bid that is better than all previous bids arrives (say
bid A), the buyer waits a bit longer before making a decision
in order to see if an even better bid will arrive soon. If either
no new bids arrive within some time interval or only worse
bids arrive, then the buyer accepts A. This model implies
that the buyer waits for a longer time before closing the
request when the last bid is not the best so far. However,
the data shows that this is not the case, suggesting this is not
a prevailing behavior in the buyer population of vWorker.
Since a well ﬁtted deterministic model would require a
high level of model complexity, in the following sections, we
consider two simple probabilistic models that attempt to
explain the data.

Assumption 1. For any request, the utilities of bids are
independent of the order that the bids arrive.
Assumption 2. Buyers can observe a new bid immediately after it arrives.
Assumption 1 says that later bids are neither better nor
worse than early bids on average. In an open bid auction
where bidders can observe previous bids, like in eBay, there
is dependence between a bid’s price (or more generally utility) and the arrival order. In particular, a bidder would
probably not bid if she knows that her bid is worse than
any previous bid. As a result, later bids are better. On the
other hand, this dependence is largely reduced in vWorker,
because bids are sealed. In fact, the data show that there
is no (decreasing) trend in the prices of bids for a particular request as they arrive over time.2 This suggests that
Assumption 1 is reasonable. Note that the independence in
Assumption 1 is unconditional, therefore it does not conﬂict with Observation 2, which says that the last bid is more
likely to be the best bid, because the word “last bid” itself
exhibits conditionality.
Assumption 2 is motivated by the fact that buyers in vWorker have the option to receive instantaneous notiﬁcations on new bid arrivals for their requests. With such assistance, a buyer can observe a new bid for her request soon
after the bid arrives without checking the vWorker website
every minute. We are going to revisit Assumption 2 in Section 6.

5.2

Probabilistic Model: q Stopping rule
The following stopping rule, with only one parameter, is
probably the simplest model we could consider:
q stopping Rule: A buyer terminates her request with
probability q each time a new bid arrives.
Under this stopping rule, we have that a request has n bids
with probability (1 − q)n−2 q (we only study requests that
have at least two bids). Thus, the number of requests with
n bids follows the geometric distribution in n, consistent
with Observation 1. Further, since the buyer terminates the
request only based on number of bids in the request, then
according to Assumption 1, each existing bid has the same
probability to be the best one and therefore all π(n, k)’s are
equal for all k = 1, · · · , n, which is consistent with Observation 2(b). However, Observation 2(a) is not satisﬁed, that
is, the probability of accepting the last bid is not higher that
the probability of accepting an earlier bid.3
We conclude that the q stopping rule can explain some of
our observation from the data, but not why buyers are more
likely to choose the last bid.

5.1 Deterministic Models
First we consider a deterministic model in which the buyer
has prior knowledge about the market and decides when to
terminate the request by comparing (each time a bid arrives)
the beneﬁt and cost of waiting. In order to quantitatively
analyze the problem, we assume that for a given request the
utilities of the bids are independently and identically drawn
from some distribution known by the buyer. We assume
that the buyer’s objective is to maximize her utility from
the best bid minus the disutility of waiting.
As shown in Appendix A, if (1) the utilities of bids are
drawn from a uniform distribution, (2) the arrival process
of bids is Poisson and (3) buyers have linear waiting costs,
then the optimal strategy of the buyer is a simple threshold
strategy: there exists a threshold such that when the utility
of a new bid exceeds this threshold, the buyer stops the
request and chooses this new bid. In this case, no matter
when the request is terminated, the best bid (which is chosen
by the buyer) is always the last bid.
Though the threshold strategy is concise and natural, it
does not explain the data. We ﬁnd that there are very few

5.3

Probabilistic Model: pq Stopping Rule
Though the previous models have some diﬃculties explaining all three features in our observations, they provide
some insights for ﬁnding a better model.
• In Section 5.1, we considered a threshold utility with
which buyers always stop at a bid better than all previous bids and always accept the last bid. Conversely,
the observation that buyers are more likely to accept
the last bid (Observation 2(a)) actually suggests that
buyers are more likely to terminate the request when
the most recent bid is better than all previous bids.
• The geometric distribution in Observation 1 is obtained
if buyers stop at each step with a constant probability q: the probability that a request has n bids is

2
This is based on one and two-sided t-tests. The null hypothesis is that the sequence of price diﬀerences between the
bids of a particular request has zero mean.

3
The q stopping rule cannot explain Observation 2(a), even
if we allow q to vary over time.
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q(1 − q)(n−2) , which follows exactly the geometric distribution with parameter q. In this case, buyers are
equally likely to accept each bid, including the last
one.
Based on these insights, we propose the following model.
pq Stopping Rule: When a buyer observes a new bid, she
stops the request
• with probability p if the new bid is the best bid so far,
• with probability q if the new bid is not the best so far.
If she does not stop the request, she continues to wait.
Under the pq stopping rule, we can compute the probability that a request has n bids as a function of p and q.4 We
can also compute the probability that the kth bid is chosen in requests with n bids. We use these formulas together
with the empirical probabilities from Observations 1 and 2
to estimate p and q. In fact, we ﬁnd that p is not a constant
and is increasing in n, the number of bids currently in the
request. Let pn be the probability that the buyer terminates
the request when the most recent bid (the nth bid) is better
than all previous bid. Then we have the following estimates:

10
8
6
4
2

^
log(R(n)) or log(R(n))

log(R(n))
^
log(R(n))

(2)

0

Details of the estimation process can be found in Appendix
B.
We observe that p̂n > q̂ , that is, the buyer is more likely
to stop the request when the most recent bid is the best so
far. In other words, buyers tend to wait for new bids until
the new one is better than all previous bids. This is closely related to the sunk cost fallacy, which is described as a
“great tendency to continue an endeavor once an investment in money, eﬀort, or time has been made.” Although the
time already spent on waiting is sunk, it seems that buyers
still take into account the waiting costs when they decide
whether to stop.
Moreover, p̂n (or p̂n /q̂) is increasing in n, which means
that the eﬀect of the sunk cost fallacy becomes more signiﬁcant as the number of bids in the request increases. To
understand this monotonicity, we note that the data shows
the average and median timespan of requests with n bids is
increasing in n. Therefore the more bids in the request, the
longer the buyer has been waiting, which implies the cost to
stop and choose an early bid is larger under the sunk cost
fallacy.
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Figure 3: The expected number of requests decreases exponentially as a function of the number of bids
n, both for the expected value log(R̂(n)) (dashed) under pq stopping rule and the original data log(R(n))
(solid).
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q̂ = 0.0696, p̂n = 0.1236 + 0.0085n

Denote by r̂(n, k) the expected number of requests that have
n bids for which the kth bid is chosen. We compute r̂(n, k)
using the formulas in Appendix B. Then, we can compute

R̂(n) = n
k=1 r̂(n, k) and π̂(n, k) = r̂(n, k)/R̂(n). Figures
3 and 4 compare the estimated values with the values from
the data.

0.0

5.4 Veriﬁcation for the pq Model
The pq stopping rule directly captures both Observation
1 and 2. In most cases, especially when the number of bids
currently received by a request is large, a new bid is not likely
to be better than all previous bids. Then, buyers close their
requests with probability q and the number of requests with
n bids is roughly geometric in n. Moreover, all positions
before the last have approximately the same probability to
be chosen. However, in the special case when the new bid
indeed surpasses all previous ones, the buyer is more likely
to stop and accept the last bid. Thus, overall the last bids
are more likely to be chosen.
We compute the expected values of π(n, k) for the case
that the total number of requests is 464, 668 (which is the
number of requests in the data set). Let p1 = 0.4853 be the
empirical probability that a request is terminated at the ﬁrst
bid in the data set. Then, let pn = p̂n for n ≥ 2 and q = q̂.
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Figure 4: This ﬁgure shows the features of the expected value π̂(n, k) (solid), along with the corresponding values of π(n, k) (hollow). The pq model
captures the features of π(n, k) very well.
In Figure 3, we can see that log(R̂(n)) is almost a straight
line in n and is very close to log(R(n)). In Figure 4, for any
n, π̂(n, n) is signiﬁcantly larger than maxk<n π̂(n, k) and the
diﬀerence between maxk<n π̂(n, k) and mink<n π̂(n, k) is small. All these values are approximately the same as the
observed values in original data. The only apparent diﬀerence is that maxk<n π̂(n, k) is smaller than maxk<n π(n, k)
when n is large. This is because we do not model the increasing trend of π(n, k) for large n and k close to n when we
estimate p̂n and q̂. Except for this, the pq model captures
all the observations of Section 4.

4

We note that throughout this paper (except for Section
5.2), q refers to the probability that a buyer stops the request
when the most recent bid is not the best so far.
5

6. DISCUSSION

observed the last n − k bids at the same time. Table 1 shows
the number of requests for which the kth (k = 22, 23, 24) bid
is chosen under various constraints on Δk . The ﬁrst column
(Δk > 0) shows all the requests for which the kth bid was
chosen, and thus exhibits an increasing trend. However, as
the constraint becomes more restrictive (i.e., as we move
towards the columns to the right in Table 1), this trend
gradually disappears. Moreover, we note that when 1 ≤ k ≤
21, the average number of requests with n = 25 bids and the
kth bid chosen is 50, numbers in the last column of Table 1
have come back to this average level. These results suggests
that the increasing trend of π(n, k) in k arises because buyers
see multiple new bids at the same time.

In the previous section, we have seen that the pq stopping
rule, a simple probabilistic model, captures the behavior of
buyers on vWorker. The key characteristic of the pq stopping rule is that the buyer is more likely to stop when the
most recent bid is the best so far.
This characteristic is reminiscent of the sunk cost fallacy.
Consider that a buyer who has already spent time waiting
for bids has indeed incurred some cost. A rational buyer
considers this cost as sunk, ignoring it in her decision to
continue or stop. An irrational buyer will however prefer
not to close the request at a moment when the most recent
bid is not the best so far, for she considers that the time
elapsed since the best bid arrived would then be “wasted”.
Conversely, when the most recent bid is the best, she perceives that “it was worth waiting” because the sunk costs of
waiting have been balanced oﬀ. Thus, buyers following the
pq stopping are subject to the sunk cost fallacy, by having
a higher probability to close a request when a new bid is
the best so far. In the remainder of this section, we ﬁrst
discuss the weak increasing trend of π(n, k) — which is not
explained by the pq stopping rule — and then relate our
results to the secretary problem.

k=22
k=23
k=24

Δk > 0
70
85
111

Δk > 1
60
72
80

Δk > 2
57
65
69

Δk > 4
50
62
55

Δk > 6
48
48
46

Table 1: Number of requests with n = 25 bids for
which the kth (k = 22, 23, 24) bid is chosen with different constraints on Δk .

6.2

Optimal Stopping Problems

Optimal stopping has been investigated in various stochastic decision contexts, and the secretary problem [6] might be
the most famous example. In the classical secretary problem, a manager interviews sequentially n applicants for a
single secretary position and would like to make the best
choice. Applicants can be ranked from best to worst, yet
this ranking is unknown to the interviewer, and the arrival
order of the applicants is independent of their rankings. After each interview, the applicant is accepted or rejected. If
this applicant is accepted, the whole process is terminated
and this applicant get the position. If the applicant is rejected, she cannot be recalled. The goal of the process is
to ﬁnd the best secretary: the utility of the company is 1 if
the chosen secretary is the best one, and 0 otherwise. The
optimal stopping rule is to interview and reject ﬁrst n/e applicants and then accept the next applicant who is better
than all previous applicants.
We observe that the pq stopping rule resembles the optimal stopping rule in the secretary problem in two aspects.
First, cost is incurred as the buyer explores the distribution
of the bids. In the secretary problem, the interviewer passes
the ﬁrst n/e applicants at the cost that she may miss the
best applicant, while in vWorker, buyers need to balance
between higher waiting cost and better bids that may come
later. Second, and more importantly, the buyer in vWorker
(resp., the interviewer in the secretary problem) is more likely to (resp., only) stop the process when the new bid (resp.,
applicant) is better than all previous ones. This happens in
the secretary problem since recall is not allowed. In vWorker where recall is allowed, it is the “sunk” waiting costs that
reduce the probability that buyers choose early bids.
In experimental studies of the secretary problem, the optimal policy is rarely adopted. Decision makers tend to overestimate the absolute quality of the early applicants and stop
the screening too early [3], giving insuﬃcient consideration
to late applicants. When recall is allowed, Zwick et al. [16]
showed that decision makers also search too little in comparison to the optimal model, but they search too much if
search costs also apply. Our results suggest that — because
of the sunk cost fallacy — buyers in vWorker may search
too much when good bids arrive early on.

6.1 The Weak Increasing Trend of π(n, k)
We have seen that even though the value of π(n, k) is approximately the same for all k < n, it exhibits an increasing
trend as k approaches n. In this section, we discuss two
potential explanations for this trend.
First, this can be explained by the sunk cost fallacy. We
mentioned before that buyers are less likely to stop if the
most recent bid is not the best one because otherwise their
waiting is “wasted”. Similarly, the buyer may feel less of a
sunk cost by accepting the penultimate bid than by accepting the ﬁrst bid. This suggests that the buyer is more likely
to select later bids than early bids. Interestingly, the weak
increasing trend arises only for the last few bids (see Figure
2(top) and tests in Section 4), which suggests that the perceived sunk cost associated with a bid that arrived m bids
ago is approximately constant for m ≥ 4. We note that we
could consider a generalization of the pq model, where the
buyer stops with probability pm when the best bid arrived
m bids ago.
Another possible explanation for the weakly increasing
trend in π(n, k) is that Assumption 2 is violated. A buyer may be experiencing delay in observing new bids and, as
a result, observe multiple new bids at the same time. In particular, even if a buyer is using the instantaneous notiﬁcation
feature of vWorker, she may be oﬄine when some bids arrive
(e.g., during the night or oﬀ-business hours). Then, the last
time she checks the request (before she stops it), she may
actually see several new bids at the same time. Essentially,
any of these new bids is like the “last bid” for the buyer, a
possibility that is not considered in the pq model. Hence,
the violation of Assumption 2 increases the probability that
the last few bids are chosen. The weak increasing trend of
π(n, k) in k can be explained by the fact that later bids are
more likely to be observed at the same time with the last
bid.
To verify this explanation, we study the interarrival times
between bids. As an example, we now restrict attention to
all requests with n = 25 bids (as in Figure 2(top)), while
following results also hold for general n. We deﬁne Δk to be
the time (in hours) between the arrival of the kth bid and
the last bid. A small Δk suggests that the buyer may have
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Assumption 5. Each buyer incurs a waiting cost c(t) if
t time units elapse until she selects the best bid.
First we show that the threshold strategy is the optimal
strategy under the assumptions that F is the uniform distribution on [a, b], λ(t) = λ, and c(t) = ct.
Consider an experienced buyer who knows or has a very
good estimate of the bid utility distribution F . Suppose
after n bids, the current minimal utility of the bids is α and
maximal utility is β. Since the waiting cost is constant c, and
the Poisson process is memoryless with mean interarrival
time λ, the expected waiting cost until the next bid arrives
is always equal to cλ.
The expected maximum utility at the time the next bid
comes is


 b
β−a
x
1
1 2 1 2
β·
+
dx =
b + β − aβ (3.1)
b−a
b−a 2
2
β b−a
and the expected beneﬁt of waiting is


(b − β)2
1 2 1 2
1
b + β − aβ − β =
b−a 2
2
2(b − a)

(3.2)

Therefore, the buyer’s myopic decision, based on the com(b − β)2
parison between
and cλ is to terminate the request
2(b − a)
if and only if she observes a
(new) bid with utility β > β ∗
∗
where the threshold β = b− 2cλ(b − a). Since this threshold is independent of t, it is the optimal myopic strategy at
(b − β)2
any time. Moreover,
− cλ is decreasing in β, hence
2(b − a)
this rule is not only myopic optimal but also a global optimal termination rule. This stoping rule has the following
properties:
(1). This is a threshold stopping rule based on the current
maximum bid quality β.
(2). The buyer always accepts the last bid.
(3). Since the bid comes independently, a buyer stops at the
arrival of each bid with constant probability ρ = β ∗ /b,
which is actually dependent on a, b, c and λ.
This outcome of the threshold strategy resembles Observation 2(a) in that buyers only accept the last bid. Also,
buyers close the request with a constant probability ρ at the
arrival of each new bid, which implies that the number of
requests with n bids follows the geometric distribution in n.
However, the threshold strategy cannot explain our observation that buyers choose any bid prior to the last one with
approximately the same probability. And more importantly,
are there buyers who always chooses the last bid?
Clearly, not all buyers always choose the last bid, since
not all requests end up with last bid chosen. Our assumption that buyers are balancing bid utility and waiting cost
suggests that buyers are well informed of the parameters
of the auction, like the distribution of bid utilities, arrival
rates, and so on. These parameters are usually not directly
accessible but may be learned through a number of requests. Therefore, experienced buyers are most likely to use the
threshold strategy. We study buyers with at least 200 requests, and considering that any experienced buyers may be
inexperienced at the beginning, for each of them we focus
on those requests after this buyer’s ﬁrst 100 requests. We
compute the frequencies that these buyers choose the last
bid in their post-100th requests, and the results are shown
in the following ﬁgure.
The above ﬁgure summarizes the discussion by showing
the histogram of the frequencies of choosing the last bid among experienced buyers. The histogram has a peak around

APPENDIX
A. THRESHOLD STRATEGY
Our deterministic model is based on the following assumptions.
Assumption 3. The utility of each bid is drawn from a
distribution F .
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Therefore we have
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Probability of accepting the last bid

Figure 5: The histogram of the frequencies of choosing the last bid for buyers with at least 200 requests.
There is no experienced buyer that chooses the last
bid with frequency higher than 0.8.

fb−1 /(1 − q)
fn−1 p/(1 − p)q

, if b < n
, if b = n

(5)

Speciﬁcally, to estimate q, we use #(N ≥ k)/#(N ≥ 2)
as an estimate for P (N ≥ k), where #(A) is the count of
event A in our data set. (6) implies log(P (N ≥ k)) is linear
in k with zero intercept and slope log(1 − q). The linear
regression gives

0.3 to 0.4. Besides, among 347 buyers that have at least 200
requests, none of them choose the last bid with probability
higher than 80%. Thus even the most experienced buyers
do not use the threshold strategy.
Other cases of the deterministic models can be explored by
assuming diﬀerent distributions F for bids, time-dependent
rates for the Poisson arrival process, and waiting costs which
are not constant. In general, it is not possible to determine
analytically an optimal strategy. Thus, we use numerical
simulations to study the outcomes of each combination of
parameters. We found that the deterministic models can
often capture one or two out of the three features described
in Observation 1 and 2 but fail in the other(s). The performance of the deterministic model is not satisfactory unless
we introduce more parameters, which makes the model less
general and thus less convincing. Even though there may exist models of rationality that explain the observations, the
explanatory power of such models will be weak (per unit of
complexity).

log

#(N ≥ k)
= −0.06588 − 0.08138 · n, 2 ≤ n ≤ 100 (7)
#(N ≥ 2)

Therefore we get log(1 − q) = −0.08138 and the estimated
q = 0.0782.
The estimated p can also be obtained by (6). To reduce
the variance of our estimation, we use #(N = n, B < n)
instead of #(N = n, B = n−1) because it has more samples.
Since
P (N = n)

=

f1 · · · fn−1 (1 − fn )

P (N = n, B = n)

=

n−1 f1 · · · fn−1 p

P (N = n, B = n − 1) =
then

B. ESTIMATION OF p AND q FOR THE pq
STOPPING RULE

n−1 f1 · · · fn−2 (1 − p)q

P (N = n, B = n − 1)
1−p
=
P (N = n, B < n)
(n − 1)fn−1

and
# {N = n, B = n}
# {N = n, B < n}

Consider an arbitrary request, let random variable N be
the number of the bids it receives and random variable B
be the index of the bid that is chosen. B = 1 means the
ﬁrst bid is chosen and B = N means the last one is chosen.
Recall the pq stopping rule: if the most recent bid is the
best bid, stop the request with probability p, otherwise stop
with probability q. The probability that the kth bid is the
best one among ﬁrst k bids is 1/k, therefore the probability
that the request is not terminated at the kth bid given it is
not terminated before the kth bid is

=
=

P (N = n, B = n)(1 − p)
P (N = n, B = n − 1)(n − 1)fn−1
p
(n − 1)q

Therefore, given the estimated q, we have
p = (n − 1)q · rn

(8)

where rn = # {N = n, B = n}/# {N = n, B < n}
However, the data shows that rn ’s are diﬀerent for different n, which implies p is not a constant but a function
of n. Deﬁne pn as the probability that a buyer terminates
the request when the request has n bids and the nth bid
is better than all previous ones. Then we can approximate
pn from (8). It turns out that the estimated probability pn
is approximately linearly increasing in n, with the following
relation

1−p k−1
p−q
+
(1−q) = (1−q)−
k
k
k
(3)
We assume that if p − q is small, then fk ≈ 1 − q and
lim fk = 1 − q as k goes to inﬁnity. We will come back to
this assumption later.
Consider the event {N = n, B = b}, i.e., the buyer terminates the request at the nth bid and chooses the bth (b ≤ n)
bid. In that case, the bth bid is the best one in the ﬁrst n
bids, and
fk  P (N > k|N ≥ k) =

P (N = n, B = b) =
 −1
n · f1 · · · fb−1 · (1 − p)(1 − q)n−b−1 q
n−1 · f1 · · · fn−1 · p



With the assumption of fk , the above ratio is approximately
1 when b < n and (1 − q)p/(1 − p)q when b = n.
We note that this result is similar to Observation 2: given
the request is terminated at the nth bid, the probabilities
that the bth bid is chosen are approximately the same for
all b < n and are signiﬁcantly lower than the probability
that the last bid is chosen. Further more, we note that (3)
implies a request is terminated
with more than k bids with

probability P (N > k) = ki=1 fi . Since fk ≈ 1 − q as for
all k, P (N > k) is approximately exponential in k and N
follows a geometric distribution.
Given (5), we can estimate parameters p and q by
⎧
⎪
⎨ P (N = n, B = n) ≈ (1 − q)p , n ≥ 2
P (N = n, B = n − 1)
(1 − p)q
(6)
⎪
⎩
P (N ≥ k) ≈ (1 − q)k−2 , k ≥ 2
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Percentage

15

P (N = n, B = b)
=
P (N = n, B = b − 1)

pn = 0.13876 + 0.00956n, 2 ≤ n ≤ 30.
This linear relation obviously does not hold for large n since
pn is upper bounded by 1, yet it approximates the observed
pn well when n is not too large, and the R2 of the above
regression is 0.95.
Finally, we go back to the assumption that fk ≈ 1 − q.
Since the estimated p = pn = 0.13876 + 0.00956n is roughly

, if b < n
(4)
, if b = n
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linear in n, (p − q)/n is approximately a nonzero constant.
Therefore we need to adjust our estimates p and q. It follows
from (3) and (6) that the adjusted estimate q̂ is still a constant. Then we can assume the adjusted estimate q̂ = λq,
then the adjusted p̂n satisﬁes
pn
p̂n
= rn =
(n − 1)q̂
(n − 1)q
and therefore p̂n = λpn = 0.13876λ + 0.00956λn. Plug this
into 3, we got
1 − q ≈ fn = (1 − q̂) −

1
(p̂n − q̂) ≈ 1 − λq − 0.00956λ
n

Thus λ = 0.89 and therefore
q̂ = λq = 0.0696, p̂n = λpn = 0.1236 + 0.0085n
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