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a b s t r a c t 

One feature of online auctions that has attracted much interest is jump bidding, whereby 

a bidder raises the price by more than what is needed to become the highest bidder. 

The effects of jump bidding on the final selling price are unknown because past observa- 

tional studies could not separate bidder interest from bidder behavior. Our study involves 

an in vivo experiment during live auctions on a large online auction platform. We inter- 

vened early in auctions at low, non-competitive price levels, either through jump bidding 

or through incremental bidding, and randomly varied the magnitude of our intervention. 

In contrast to leading theories in the auction literature, which predict a negative effect of 

jump bidding on the final selling price, we find that our jump bidding intervention has no 

effect on the final selling price. 
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1. Introduction 

The emergence of worldwide English auctions on publicly accessible online platforms has increased interest in under- 

standing bidding behaviors and their relationship to the final selling price. A common bidding strategy in auctions is that 

of jump bidding, in which a bidder places a bid that is greater than what is required to become the current highest bidder.

Even though the phenomenon of jump bidding has been studied extensively, it has remained unclear whether this bidding 

strategy has a favorable effect on final prices for bidders engaging in it. This study aims to examine the impact of jump bids

on final prices using an in vivo experiment in live auctions on a large online auction platform. 

Traditionally, auction theory has focused on identifying equilibrium bidding strategies in standard auctions such as the 

English auction (e.g., McAfee and McMillan, 1987 ). Standard theories of auctions do not allow for jump bids and consider

jump bidding irrational behavior (e.g., Milgrom and Weber, 1982 ). Bidders are predicted to increase bidding levels by the 

smallest amount allowed until the bidder with the highest valuation has outbid the bidder with the second-highest valua- 

tion. 

More recent auction literature rationalizes jump bidding as a mechanism for bidders to achieve a lower selling price. 

One theoretical approach proposes that bidders use jump bids to signal their superior valuation of the item for sale (e.g.,
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Avery, 1998; Daniel and Hirshleifer, 2018; Hörner and Sahuguet, 2011; Khazal et al., 2020 ), thus discouraging competition. 

Alternatively, jump bids may be made to prevent opponents from aggregating information (e.g., Ettinger and Michelucci, 

2016a; 2016b ), again leading to a lower selling price. 

Available evidence points to jump bids having a positive or neutral effect on final selling prices (e.g., Bapna et al., 2003;

Khazal et al., 2020; Sommervoll, 2020 ). However, a key limitation of all prior empirical studies is that they lack a controlled

comparison of jump bids with incremental bids to assess their causal effect. A number of lab and field experiments have

evaluated the impact of minimum bid size on final prices by systematically varying online auction rules (e.g., Isaac et al.,

2005; Carpenter et al., 2011; Lim and Xiong, 2021 ). However, these studies cannot isolate the effect of a jump bid on a given

auction while holding auction rules constant. 

Our strategy for studying the effect of jump bidding on auction outcomes is an in vivo experiment where we take part in

actual online auctions as bidders. We randomly place early jump bids of different sizes on hundreds of items. We compare

the auctions ensuing after these jump bids with those initiated instead with an automated sequence of incremental bids, 

as well as with a control condition in which we do not intervene. We test whether the final selling price differs between

experimental conditions. By doing so, our experiment provides the first controlled evidence for the effect of jump bids on 

final selling prices. In contrast to existing empirical studies, which rely on endogenous variation in bidding behavior, we 

are able to generate an exogenous source of jump bidding by directly intervening on the online auction platform ourselves. 

Moreover, we are able to do so in a setting of high external validity. 

Despite finding positive effects of our jump bidding treatment on the number of bidders and number of bids in treated

auctions, we find that these effects are offset by a reduction in the size of subsequent jump bids by these bidders. As a

result, we fail to reject the null hypothesis that jump bidding has no effect on the final selling price, thereby rejecting the

leading auction theories regarding the effects of jump bidding. 

The remainder of this paper is organized as follows. In Section 2 , we relate our contributions to the literature.

Section 3 outlines our experimental set-up and online auction platform setting. Section 4 describes the data and 

Section 5 presents our results. We discuss our findings and conclude in Section 6 . 

2. Literature 

A number of studies in economics document the prevalence of jump bidding and analyze its effect on the auction’s 

outcome in FCC auctions (e.g., Plott and Salmon, 2004; Börgers and Dustmann, 2005; Isaac et al., 2007; Cramton, 1997 ), real-

state auction markets (e.g., Sommervoll, 2020; Khazal et al., 2020 ), laboratory auctions (e.g., McCabe et al., 1988; Coppinger

et al., 1980; Banks et al., 2003 ), and online auctions (e.g., Easley and Tenorio, 2004; Grether et al., 2015; He and Leszczyc,

2013 ). However, the rational foundations for jump bidding in ascending auctions are an unresolved matter in the auction 

literature (e.g., Milgrom and Milgrom, 2004 ). Adding to the problem is that empirical estimates of its actual effect on final

selling prices are based on observational data and thus uncertain. We first review the main theoretical arguments and then 

existing empirical evidence. 

2.1. Theoretical studies of jump bids 

The theoretical literature has proposed two motivations to jump bid, each implying reduced final selling prices. The first 

account is that the strongest bidder uses jump bids strategically to indicate his superior valuation and intimidate rivals 

( Avery, 1998; Daniel and Hirshleifer, 2018; Easley and Tenorio (2004); Hörner and Sahuguet, 2011 ). Early jump bidding

thus serves as a signaling device that achieves a lower selling price and reduces the risk of a winner’s curse. The second

explanation is that bidders have an incentive to manipulate the quality of the information that other bidders can aggregate. 

Thus, more informed bidders place a jump bid to prevent the less informed bidders from aggregating precise information 

( Ettinger and Michelucci, 2016b ). 

Avery (1998) suggests a two-stage model with affiliated values in which an auctioned item has both a private and a

common value component. Jump bids can then be employed to select the bidder with the highest private value prematurely, 

avoiding a costly arms race: the strongest bidder places the biggest jump bid in the first stage to signal their superior

valuation. This signal thus helps players to coordinate upon the asymmetric equilibrium to be played in a second stage: the

weaker bidders drop out. 

Similarly, Daniel and Hirshleifer, 2018 propose a model of sequential auctions with private values and a costly bidding 

process, where the first bidder has a monotonic bidding strategy that signals their high value. If the signal is sufficiently

high and when bidding is costly, the second bidder may be intimidated and thus want to quit early to reduce bidding costs.

Hörner and Sahuguet (2011) consider a first-price sealed-bid auction and a pure private value structure. They suggest a 

non-monotonic equilibrium: bidders use a mixture of aggressive and cautious bidding, intimidate competitors (bluffing), or 

lower the competition by giving a false sense of security (sandbag). 

Easley and Tenorio (2004) develop a theoretical model for online auctions where bidding is costly. They argue that jump 

bids are used as entry deterrence strategies and are more likely earlier in auctions. 1 
1 For related theories of takeover bidding see Fishman (1988) ; Hirshleifer and Png (1989) ; Bhattacharyya et al. (1990) . 
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Ettinger and Michelucci (2016b) propose that bidders have an incentive to manipulate the quality of the information 

that other bidders can aggregate. That is, jump bids may manipulate information about which bidders are active or inac- 

tive at any given price. “[...] when a jump bid is not matched by some of the bidders, the remaining active bidders can

aggregate only coarser information of the private information of the bidders who did not match the jump bid” ( Ettinger and

Michelucci, 2016b , p.1484). In particular, a more informed bidder places a jump bid to prevent the less informed bidders

from aggregating precise information. The less informed bidders need to take into account the winners’ curse ( Ettinger and

Michelucci, 2016a ) and this decreases their willingness to pay. Therefore, as a result of hiding information, the more in-

formed bidder buys the item at a lower price, and the seller revenue decreases. 

In sum, prior theoretical work, while disagreeing on the exact mechanism, suggests that jump bidding reduces an item’s 

final selling price. 

2.2. Empirical studies of jump bids 

Contradicting these theoretical predictions, empirical studies generally find that jump bids have no or a small positive 

effect on final selling prices ( Isaac et al., 2007; 2005; Isaac and Schnier, 2005; Carpenter et al., 2010; Lim and Xiong, 2021 ).

At the same time, previous empirical and experimental studies of jump bidding are limited in their ability to assess the

effect of jump bidding on auction outcomes, as they do not control the act of jump bidding. 

In experiments that vary auction eligibility rules, Banks et al. (2003) find that jump bidding is prevalent and tends to

increase final selling prices. Plott and Salmon (2004) and Börgers and Dustmann (2005) find that jump bids are observed

early on in auctions yet have no discernible effect on the outcome or prices. Isaac and Schnier (2005) , who study jump

bidding behavior in charity silent auctions in observational and laboratory settings, find that jump bids decrease as bids 

approach to value, yet also find that jump bids have little effect on final prices. Similarly, Raviv (2008) , who studies the

characteristics of bids in second-hand car oral auctions, finds that the biggest jumps happen early and the smallest ones 

happen late in the auction. Isaac et al. (2007) come to a similar conclusion when examining field data from 41 spectrum

license auctions conducted by the US Federal Communications Commission (FCC) and the 3G spectrum auction in the UK. 

They find that jump bids do not impact the final price much, except when they result from impatience, in which case final

prices tend to increase slightly. However, on many online auction platforms, including the one we study here, bidders can 

use automated bidding up to a set level so that impatience cannot plausibly play much of a role. 

Kwasnica and Katok (2007) investigate the effect of timing on auction using a laboratory experiment by varying the 

opportunity cost of bidders. Higher opportunity costs produce more jump bids, but these are not significantly impacting the 

final price. Haruvy and Leszczyc (2010) study the effect of online auctions’ duration on other selling prices. They show that

shorter durations lead to higher selling prices and that this effect is mediated by bigger jump bids, suggesting a positive

effect of jump bidding on the final price. Grether et al. (2015) study jump bids in a field experiment of an online company

selling second-hand cars, varying the size of the jumps that are permitted. They find the effect of jump bids on the final

price to be ambiguous. Sommervoll (2020) study the effect of jump bids on auctions in the Norwegian housing market and

find it increases the final price. Finally, in a laboratory experiment Lim and Xiong (2021) find that jump bidding increases

seller revenue, but only to a limited extent. 

Our main contribution to this literature is that we isolate the effect of jump bidding on the final price in an in vivo

experiment, combining the causal inference potential provided by randomization of jump bidding behavior with the external 

validity of a leading auction platform as a research site. 

3. Experiment 

3.1. Setting 

The experiment was conducted on an online auction platform that is specialized in buying and selling novelty items and 

collectibles such as stamps, arts, antique cars, and gemstones. The platform provides services to a large number of sellers 

and bidders located in 42 countries. Auctions are scheduled to start and end at varying times and days of the week, and

have a flexible deadline, meaning that if a bid is placed within the last hour of the scheduled duration, extra time is added

to the auction. 

Bidders can join an auction at any time and may additionally view the items in upcoming auctions. Every item is pro-

vided with information about the seller, shipping cost, item details, pictures, and a certificate (if any), including in-depth 

details of the item. An important feature of the platform is its experts’ service. The platform has hundreds of experts who

help evaluate and arrange lots submitted by the sellers. 2 As a result, most of the items sold on the platform are presented

along with a range of estimated values of the item made by one or multiple experts. 

After making an account, interested parties may place a bid manually or may use the platform’s automatic or proxy 

bidding system. When placing a bid manually, bidders may place any bid that is greater than or equal to the minimum bid
2 The platform refers to auctioned items as lots, where multiple lots together constitute an auction. In this paper, we follow the literature in using the 

term auction to refer to a single lot, rather than a combination of lots. 

310 



J. Delnoij, S. Rezaei and A.v.d. Rijt Journal of Economic Behavior and Organization 209 (2023) 308–325 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

increment. 3 When placing a proxy bid, the platform places bids on behalf of the bidder, i.e., bids are raised automatically

with the minimum increment up to a maximum amount set by the bidder, without any further action on the part of the

bidder. 

The bidding process is anonymous from the bidders’ perspective; in each auction, every bidder is identified by a unique 

code assigned to them by the platform. This code changes in the next auction, and there is no way for sellers or bidders

to trace a bidder in more than one auction on the website without having access to the raw data. Sellers, on the other

hand, are identified with a nick- or company name. In addition, they have their own profiles with information about their

membership date, location, and reviews. Sellers may also apply for a pro icon indicating that they are professionals if they

regularly offer, buy and (re)sell items and earn at least 50,0 0 0 euros a year on the platform. 

Sellers may decide to list a reserve or minimum price below which the item will not be sold. This reserve price may also

be secret, i.e., it is not visible to bidders. At the end of the auction, the item is sold to the highest bidder as long as its bid

meets the optional reserve price. The winning bidder pays the winning bid plus an auction fee of 9% of the winning bid. In

addition, the seller pays a commission fee of 12.5% of the winning bid to the platform. 

Within the Diamonds & Gems category, mixed diamonds auctions are held frequently. In these auctions, loose and unpol- 

ished diamonds are offered, usually bought by small retailers, artists who use them in their artwork, or collectors who seek

diamonds in varying colors and crystal forms. To ensure quality, all diamonds are provided with an authenticity certificate, 

and they are also always supervised by professional diamond experts. These diamonds can be characterized as affiliated 

value goods: they have both a private value component, as well as a common value component, where the common value

of each item is the same for all bidders, but the underlying estimate of the value differs between different bidders. 

3.2. Design and procedures 

The experiment was conducted over 13 weeks between April 19 and August 23, 2019. We specifically collected data 

from mixed diamond auctions, as these items are frequently offered on the platform. Moreover, the auctions in this 

category satisfy the assumption of affiliated values, on which the theoretical models by Avery (1998) and Ettinger and 

Michelucci (2016a) rely. We selected auctions with an experts’ estimate only, as this allowed us to bid at levels far below

what we expected the item to sell for, thus minimizing the risk of having to buy the item. Finally, we focused on auctions

that did not list a reserve or minimum price below which the item will not be sold, as this guarantees that the item will

be sold and the low bids we make are credible. As a result, we are confident that the selected auctions provide an excellent

setting to test the theoretical prediction that jump bidding reduces an item’s selling price. 

Shortly before the start of weekly auctions, we selected relevant auctions, i.e., mixed diamond auctions without a min- 

imum price, from the list of “auctions opening on a specific date”. We then randomly assigned each auction to one of the

three experimental conditions: the treatment or jump bidding (T) condition, the proxy bidding (P) condition, and the no 

bidding (N) condition. 

In the T and P conditions, we made groups of five items and assigned a different bid size to each item. As soon as the

auctions began, we placed the first bid on the items based on the rules of the treatments they had been randomly assigned

to. In the T condition, we placed a jump bid. In the P condition, we placed a proxy bid to create an artificial control group

in which all first bids are incremental. In the N condition, we did not intervene in the bidding. 

In both T and P conditions, the amount of the bid was uniformly randomly drawn without replacement from the set

{30, 35, 40, 45, 50}. These amounts were chosen based on data of 373 auctioned diamonds collected during a trial. The

minimum selling price for these items was 55 euros, and the size of the first bid on more than 80% of auctions was less

than 10 euros. A first jump bid between 30 and 50 thus allowed us to place bids that were large enough to be perceived as

jumps, yet small enough to ensure that we would not buy many items ourselves. 

We placed our bids in the first one-and-a-half hour of an auction. We made sure that our bids were the first bids in

every auction. If another bidder had already bid on one of our listed items, we did not bid on the item. On some dates, we

were prohibited from bidding on all items due to credit card restrictions. To ensure that the number of auctions in each

treatment remained balanced, we decided to run two sessions in which we only randomized across the T and P conditions. 4 

This study was approved by the Ethics Committee of the Faculty of Social and Behavioural Sciences of Utrecht University 

(reference number FETC19-016). Sellers and bidders were not informed about the experiment and had no way of identifying 

the experimenters. If we unexpectedly ended up having to buy the item at the price of our bid, which happened in 13 cases,

we paid our bid plus 9% buyer’s fee and shipping costs which varied from 0 to 200 euros per item. Regarding our activities

as bidders, we complied with the platform’s Terms of Use. After all auctions ended, we requested the platform for the data.

4. Data 

In the experiment, 2,063 auctions were observed: 724 were assigned to the T condition, 720 to the P condition, and

619 to the N condition. Seven auctions had to be excluded because we were not able to retrieve the data from the auction
3 The size of the minimum bid increment changes during an auction, as it depends on the level of the current bid (see Table A1 in Appendix A ). 
4 Neither excluding the auctions in weeks 11 and 12 nor including week fixed effects affects our main results. 
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Table 1 

Intention to treat vs. As treated. 

Treatment assigned 

Treatment received T P N Total 

Jump bidding (T) 568 11 0 579 

Proxy bidding (P) 1 523 0 524 

No bidding (N) 61 81 520 662 

Total 630 615 520 1,765 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

platform (1 in the T condition, 5 in the P condition, and 1 in the N condition). Furthermore, in line with the criteria defined

in our experimental design, four additional auctions were removed because we did not manage to intervene before other 

bidders placed a bid. 

Due to time pressure, we inadvertently included some auctions that did not meet the selection criteria as defined in 

Section 3.2 . In roughly 10% of the auctions in our sample, experts did not provide lowest and highest estimates of the value

of the item for sale. These experts’ estimates are highly correlated with the final selling price. Moreover, in line with the

linkage principle ( Milgrom and Weber, 1982 ), we observe that auctions that do not have experts’ estimates on average lead

to lower final prices than auctions that have such an estimate. The reasoning behind this might be that there is greater

uncertainty about the value of the item ( Easley et al., 2010; Clemons, 2007 ). We therefore exclude all auctions without an

experts’ estimate. 5 We also exclude any auctions that had a secret reserve price. 6 Furthermore, we exclude the 13 auctions 

in which the experimenters bought the item for sale; as for these items, it is not clear what the maximum willingness to

pay of other bidders would have been. 7 

Finally, note that by intervening, we restricted the bidding space in the T condition and, to a lesser extent, in the P

condition. The restricted bidding space may lead to biased results when analyzing outcome variables such as the number 

of bids and the number of bidders. To correct for any such bias, we therefore choose to exclude bids that were placed

up to the level of our intervention in the P condition. That is, we exclude all bids that were placed before the maximum

price of our proxy bid was reached in the P condition. We also created a counterfactual intervention by assigning a random

number of the set {30,35,40,45,50} to each auction in the N condition. Any bids that were placed below this counterfactual 

intervention, are then excluded from analyses. This results in the exclusion of 6 auctions in the N condition, as the winning

bids in these auctions were below the counterfactual intervention. 8 

Our final sample thus consists of 1,765 auctions: 630 assigned to the T condition, 615 assigned to the P condition, and

520 assigned to the N condition. Table 1 presents the treatment assignment versus the actual treatment that was received. 

Because of the fast-paced and non-automated nature of our interventions, inevitably not all auctions received the treatment 

that they were intended to. First, attempting to be the first to bid required the experimenters to rush, which led to a few

cross-over mistakes when placing bids, e.g., placing a jump bid when it should have been a proxy bid. 9 Second, as described

in Section 3.2 , it occasionally happened that another bidder had already placed a bid before us, which meant that we were

no longer able to intervene. Third, we did not manage to bid in all auctions due to credit card restrictions. 

To deal with the discrepancies between the treatment assignment and the treatment received, we follow the literature 

on randomized controlled trials by presenting three analyses: (i) intention-to-treat (ITT) analysis, in which we analyze auc- 

tions according to the treatment they were assigned, (ii) per-protocol (PP) analysis, in which we only analyze auctions that 

received the treatment they were assigned, and (iii) as-treated (AT) analysis, in which we analyze auctions according to 

the treatment they received. In the main text, we will present the AT analysis; the results for the ITT and PP analysis are

qualitatively similar and can be found in the Appendix. 

Treatment assignment was balanced across all relevant covariates: average experts’ estimated values, uncertainty in ex- 

perts’ estimated values (operationalized as the difference between the highest and lowest estimated value divided by the 
5 Note that 11 out of 13 items that were bought by the experimenters (6 in the T condition and 7 in the P condition) did not have experts’ estimates. 

As a result, we exclude auctions without an experts’ estimate from the analyses presented in the main text (227 in total: 81 assigned to the T condition, 

79 assigned to the P condition, and 67 assigned to the N condition). However, including these auctions and adding a dummy variable for missing experts’ 

estimates does not lead to qualitatively different results. 
6 We included several items that had a secret reserve price (10 which were assigned to the T condition, 17 assigned to the P condition, and 26 assigned 

to the N condition). Only in a few of these auctions did the final bid exceed the reserve price so that the item was sold (this happened in 2 auctions in 

the T condition, in 1 in the P condition, and 6 in the N condition). In the paper, we present the analyses for which we excluded all auctions with a secret 

reserve price. However, robustness tests show that including the auctions with a secret reserve price that ended up in a sale does not affect our results. 
7 Results are robust to the inclusion of these items, either using the experimenters’ bid or the second-highest bid. 
8 Since 9 auctions in the N condition had a final selling price below 50, this means that the number of observations may differ depending on the exact 

randomization that is used. Our results are robust to (i) using a different randomization, (ii) excluding all 9 auctions with a selling price below 50, and (iii) 

not excluding any of these auctions. 
9 Also, in the T condition it occurred twice that we placed a bid of 45 when it should have been 40, and in the P condition we once bid 40 instead of 

35. We deal with such cross-over in a similar way to cross-over regarding treatment. However, note that this may lead to a slight discrepancy between the 

number of observations when considering the T, P, and N conditions as a whole and the number of observations when considering the conditions by bid 

size. 
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Table 2 

Final selling prices. 

Bid size Obs Mean SD Min Max 

Jump bidding (T) 

30 127 229.1 176.8 35 1,000 

35 113 297.3 580.8 40 6,000 

40 112 325.0 279.1 45 1,800 

45 112 363.1 272.0 55 1,400 

50 115 322.4 255.7 55 1,900 

Total 579 305.4 341.0 35 6,000 

Proxy bidding (P) 

30 111 269.4 249.6 45 1,600 

35 103 286.3 317.7 41 2,400 

40 107 296.7 321.3 45 2,600 

45 103 289.4 246.9 50 1,200 

50 100 346.0 459.1 57 4,200 

Total 524 296.8 325.8 41 4,200 

No bidding (N) 

Total 662 335.7 323.0 45 3,200 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

lowest estimated value), average shipping cost, and scheduled time of the auction. When considering which treatment was 

received, we find no statistically significant differences between the T and P conditions. However, we find that items in the

T and P conditions have statistically significantly lower estimated values than those in the N condition. Moreover, we find 

that the scheduled time of the auction is shorter in the P condition than in the N condition. As the literature is divided on

whether such imbalances should be controlled for in analyses of experimental data (or even be investigated to begin with), 

we present both results with and without these controls in our further analyses. Finally, the distribution of jump and proxy 

bids placed by the experimenters (see Table 2 for the exact number of observations by bid size) was balanced across the

T and P conditions. 10 Experimenters placed a single bid in auctions in the T condition and placed up to ten bids (with an

average of 4.33 bids) in the P condition. More information on covariate balance is available in Appendix B . 

5. Results 

Table 2 presents the average final selling prices (i.e., winning bids, excluding auction fees or shipping costs) in the auc-

tions, categorized into the different treatments and the size of the bids placed by the experimenters. 11 On average, the final

price across all 1,765 auctions equals 314.21 euros. Figure D1 in Appendix D shows the distribution of final prices. This is

highly skewed, which is why we log-transform the variable in further analyses. 

To examine the effect of our interventions on final prices, we ran linear regression models with the log-transformed 

final price as a dependent variable. The treatment effect was estimated by comparing the situation in which we place a

jump bid at the start of the auction (T condition) (i) to the situation in which we place a proxy bid (P condition), thereby

ensuring that the opening bid is always equal to 1; and (ii) to the situation in which we do not intervene (N condition),

thereby allowing for opening bids varying between 1 and 900, with a mean of 9.144 and median of 1 (see Table C1 in

Appendix C for an overview of all opening bids). We also examined the effect of our interventions while controlling for

any information included in the auction listing, which may have affected bidders’ behaviors. In particular, we controlled for 

the log-transformed average experts’ estimated value, the log-transformed uncertainty in the experts’ estimated value, the 

log-transformed average shipping cost, and the scheduled duration of the auction. 

Table 3 shows the main treatment effect of placing a jump bid on the final selling price; a visual representation can also

be found in the upper part of Figure 1 . We find no significant effect of jump bidding in any analysis, neither when comparing

jump bidding to proxy bidding (P condition, see models (1) and (2) in Table 3 ) nor when comparing jump bidding to not

bidding (N condition, see models (7) and (8) in Table 3 ). We thus fail to reject the null hypothesis that jump bidding has no

effect on the final selling price. This leads us to reject the theoretical prediction that jump bidding reduces an item’s selling

price. 

This prediction was derived from two core theoretical arguments made in prior literature: (i) jump bids would prevent 

arms races towards higher prices through early discouragement of bidders entering the auction, and (ii) they would prevent 

information exchange at low bidding levels, leaving new bidders considering to enter the auction with less information to 

base their decision on. To better understand the lack of an effect in light of these theoretical arguments, we examined the

role of two potential moderators: value and value uncertainty. 
10 Chi-squared tests show that there are no significant differences in the bids placed by experimenters across the T and P conditions for any of our 

analyses (ITT: χ2 (4 , N = 1 , 245) = 1 . 5503 , p = 0 . 818 ; PP: χ2 (4 , N = 1 , 088) = 0 . 2656 , p = 0 . 992 ; AT: χ2 (4 , N = 1 , 103) = 0 . 3343 , p = 0 . 987 ). 
11 Table D1 presents the final selling prices for ITT and PP. 
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Table 3 

The effect of placing a jump bid on the final selling price. 

Control group P 

Model (1) (2) (3) (4) (5) (6) 

Treatment effect 0.020 0.029 -0.067 -0.093 -0.110 0.157 

(0.045) (0.030) (0.291) (0.289) (0.140) (0.096) 

Interaction effects 

Avg estimated value (log) 0.013 0.017 

(0.040) (0.040) 

Uncertainty (log) 0.092 -0.089 

(0.093) (0.064) 

Avg estimated value (log) 0.763 ∗∗∗ 0.721 ∗∗∗ 0.754 ∗∗∗ 0.765 ∗∗∗

(0.022) (0.029) (0.031) (0.022) 

Uncertainty (log) 0.121 ∗∗∗ 0.121 ∗∗∗ -0.423 ∗∗∗ 0.178 ∗∗∗

(0.034) (0.034) (0.073) (0.053) 

Controls No Yes No Yes No Yes 

Constant 5.399 ∗∗∗ -0.191 0.174 -0.125 6.005 ∗∗∗ -0.288 

(0.032) (0.202) (0.214) (0.255) (0.109) (0.214) 

Obs 1,103 1,103 1,103 1,103 1,103 1,103 

R-squared 0.000 0.556 0.550 0.556 0.058 0.557 

Control group N 

Model (7) (8) (9) (10) (11) (12) 

Treatment effect -0.093 ∗ 0.025 -0.006 -0.029 -0.864 ∗∗∗ -0.133 

(0.043) (0.027) (0.250) (0.250) (0.141) (0.096) 

Interaction effects 

Avg estimated value (log) 0.004 0.007 

(0.034) (0.034) 

Uncertainty (log) 0.571 ∗∗∗ 0.113 + 

(0.096) (0.065) 

Avg estimated value (log) 0.747 ∗∗∗ 0.730 ∗∗∗ 0.744 ∗∗∗ 0.742 ∗∗∗

(0.019) (0.022) (0.023) (0.019) 

Uncertainty (log) 0.039 0.040 -0.902 ∗∗∗ -0.039 

(0.034) (0.034) (0.078) (0.056) 

Controls No Yes No Yes No Yes 

Constant 5.512 ∗∗∗ 0.200 0.113 0.222 6.759 ∗∗∗ 0.344 + 

(0.030) (0.184) (0.164) (0.209) (0.111) (0.202) 

Obs 1,241 1,241 1,241 1,241 1,241 1,241 

R-squared 0.004 0.610 0.608 0.610 0.123 0.611 

Notes: Coefficients from OLS regressions on the log-transformed final selling price; standard errors in parentheses. 

Additional controls include the log-transformed average shipping cost and scheduled time of the auction. The com- 

plete regression results including ITT and PP analyses can be found in Tables D2 - D4 in Appendix D . ∗∗∗ p < 0.001, 
∗∗ p < 0.01, ∗ p < 0.05, + p < 0.1 

 

 

 

 

 

 

 

 

 

 

 

 

In auctions for items with lower experts’ estimated values, our jump bid is relatively more competitive, as indeed we 

ended up buying a few of these items. These jump bids arguably had a stronger discouraging effect and took out a larger

fraction of the bidding space. Models (3), (4), (9) and (10) of Table 3 reject this, showing no significant interaction between

treatment and average estimated values in their effects on final prices, with or without controls and regardless of whether 

P or N is analyzed as the contrasting condition. 

One may also suspect low uncertainty about the item’s value to be responsible for the lack of a strong treatment effect.

We find no interaction between treatment and value uncertainty in models (5) and (6) in Table 3 , where jump bidding

is compared to proxy bidding. We do find a positive interaction in model (11), where jump bidding is compared to not

bidding, but this effect vanishes once the average estimated value is controlled for in model (12). This suggests that the

model (11) estimates are spurious due to the natural positive correlation between value and value uncertainty that is not 

properly controlled for. 

Both theoretical mechanisms operate through a reduction in the number of bidders and bids. We evaluated whether the 

reason the hypothesis of a lower selling price is rejected in the data is perhaps that no such reduction in participation took

place. Multivariate models (2), (4), (6), and (8) of Table 4 , however, all find significantly positive treatment effects on both

the number of bidders as well as on the number of bids made in an auction, both when compared to the P and N condition.

These outcome variables exclude the experimenter (T and P conditions) as well as any bidders and bids below the maximum

experimenter proxy bid (P condition) and below the counterfactual level of the jump bid had we made it (N condition). The

size of these estimates indicates that our jump bids increased the number of bidders by about 1/2 and the number of bids

by 1. 

These positive effects on bidders and bids strongly reject both the argument that jump bids discourage bidding by sig- 

naling high valuations as well as by eliminating bidding space for information exchange. Our jump bids instead invited more 
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Fig. 1. The effect of placing a jump bid on the final selling price. Notes: Coefficients from OLS regressions on the log-transformed final selling price. 

The multivariate models control for log-transformed average estimated value, log-transformed uncertainty in the estimated value, log-transformed average 

shipping cost, and scheduled time of the auction. Tables D2 and D5 in Appendix D presents the full regression results. Squares and diamonds describe the 

point estimates; bars describe 95% confidence intervals. 

Table 4 

The effect of placing a jump bid on other auction outcomes. 

Control group P 

Outcome Nr bidders Nr bids Nr jump bids Avg size jump (log) 

Model (1) (2) (3) (4) (5) (6) (7) (8) 

Treatment effect 0.361 + 0.415 ∗ 1.061 ∗ 1.202 ∗∗ 0.070 0.078 -0.086 ∗∗∗ -0.089 ∗∗∗

(0.199) (0.173) (0.529) (0.430) (0.107) (0.095) (0.026) (0.026) 

Controls No Yes No Yes No Yes No Yes 

Constant 7.275 ∗∗∗ -6.136 ∗∗∗ 17.429 ∗∗∗ -29.665 ∗∗∗ 2.008 ∗∗∗ -6.502 ∗∗∗ 0.441 ∗∗∗ -0.627 ∗∗∗

(0.144) (1.171) (0.383) (2.908) (0.077) (0.641) (0.019) (0.173) 

Obs 1,103 1,103 1,103 1,103 1,103 1,103 1,103 1,103 

R-squared 0.003 0.247 0.004 0.346 0.000 0.215 0.010 0.049 

Control group N 

Outcome Nr bidders Nr bids Nr jump bids Size jump bids (log) 

Model (9) (10) (11) (12) (13) (14) (15) (16) 

Treatment effect 0.305 0.637 ∗∗∗ -0.053 1.048 ∗ -0.070 0.105 -0.130 ∗∗∗ -0.114 ∗∗∗

(0.193) (0.170) (0.515) (0.415) (0.110) (0.097) (0.028) (0.028) 

Controls No Yes No Yes No Yes No Yes 

Constant 7.331 ∗∗∗ -5.291 ∗∗∗ 18.544 ∗∗∗ -26.647 ∗∗∗ 2.148 ∗∗∗ -6.392 ∗∗∗ 0.484 ∗∗∗ -0.628 ∗∗∗

(0.132) (1.140) (0.352) (2.787) (0.075) (0.654) (0.019) (0.186) 

Obs 1,241 1,241 1,241 1,241 1,241 1,241 1,241 1,241 

R-squared 0.002 0.237 0.000 0.360 0.000 0.223 0.017 0.072 

Notes: Coefficients from OLS regressions on different outcome variables; standard errors in parentheses. Additional controls include log- 

transformed average estimated value, log-transformed uncertainty in the estimated value, log-transformed average shipping cost, and 

scheduled time of the auction. The full regression results including ITT and PP analyses can be found in Tables E2 - E5 in Appendix E ; 

descriptive statistics regarding these auction outcomes can be found in Table E1 . ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05, + p < 0.1 

 

 

 

 

 

bidders and bids. Why then did this not result in higher final selling prices? Table 4 provides a two-prong answer: the extra

bid our jump bid on average generated was an incremental bid, not a jump bid (see models (5), (6), (13) and (14)), and

moreover it reduced the size of subsequent jump bids (see models (7), (8), (15) and (16)). As a net result, then, the final

price did not increase. 

Finally, in order to better understand the bidding dynamics producing the main null finding, we also considered the 

effect of the size of our jump bids. While the original purpose of randomly varying bid size was to avoid the artificiality

of the same bid across many auctions, and the range of variation is low, we can nonetheless exploit its random nature
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for causal inference about the size of the initial bid in an auction. To our surprise, we found a strongly significant non-

monotonic effect of first bid size. As Figure 1 shows, as compared to placing a proxy bid (where all bid sizes are lumped

together) or no bid, the final price is lower when we placed a jump bid of 30, and it is higher when we placed a jump

bid of 40, 45 or 50. That is, for “low” bids (i.e., bids of 30) by the experimenters in the T condition, we find a negative

effect on the final selling price. Conversely, for “high” bids (i.e., bids of 40 or higher) we find a positive effect on the final

selling price. In models predicting the final selling price in auctions in the T condition, a linear term for bid size is highly

statistically significant (see Table D7 in Appendix D ). It is somewhat odd that the small variation in bid size within the

narrow range between 30 and 50 can produce such strong effects. We are therefore cautious to consider the possibility 

of incidental findings and not overinterpret them. Nonetheless, the result is again inconsistent with the two arguments in 

auction theory that we reviewed, which predict greater rather than smaller reductions in final selling price following larger 

jumps. 

6. Discussion and conclusion 

Our in vivo experiment provides the first controlled evidence for the effect of jump bids on final selling prices in auc-

tions. It does so for a setting of high external validity in which thousands of auctions take place each week. Our results

qualitatively alter our understanding about the effects of jump bidding. In contrast to prior theorizing, we do not find that

jump bids uniformly reduce final selling prices and seller revenue. Moreover, neither the estimated value of an item nor 

the uncertainty about this value moderate the impact of our treatment, again in contrast to what existing auction theory 

predicts. We find that our jump bids raise the number of bidders as well as the number of bids, but because these effects

are offset by a reduction in the size of subsequent jump bids by others, they have no net effect on final selling prices. 

Interestingly, we found that the effect of our jump bid strongly and highly significantly depends on the size of the jump,

where larger jumps have a more positive effect on final selling price than smaller jumps. This result contrasts with prior

theory which predicts that larger jumps are associated with reduced final selling prices. One interpretation for the positive 

jump size effect is that under uncertainty about the item’s value, bidders make positive inferences about it from the size of

others’ jump bids. This interpretation is consistent with analyses where we find that uncertainty positively moderates the 

effect of jump bid size on the final selling price (see Table D6 in Appendix D ). Given the incidental nature of this finding

and the narrow range of jump bids explored, we are reluctant to overinterpret and invite others to replicate, exploring a

wider range of jump bid sizes, and propose alternative theoretical accounts. 

Data availability 

The authors do not have permission to share data. The code used for data analysis is available at https://osf.io/qfsm6/ . 

Appendix A. Setting 

Table A1 

Minimum bid increments. 

Bid range Minimum increment 

€ 0- € 10 € 1 

€ 10- € 100 € 5 

€ 100- € 200 € 10 

€ 200- € 500 € 20 

€ 500- € 1000 € 50 

€ 1,000- € 2,000 € 100 

€ 2,000- € 5,000 € 200 

€ 5,000- € 10,000 € 500 

€ 10,000- € 20,000 € 1,000 

€ 20,000- € 50,000 € 2,000 

€ 50,000- € 100,000 € 5,000 

€ 100,000- € 1,000,000 € 10,000 

Appendix B. Balance checks 

Table B1 provides information on the auction listing, such as the average estimated value according to the online auction 

platform’s experts and average shipping costs of the item for sale, as well as the scheduled duration of the auction, divided

into our three experimental conditions. Kruskal-Wallis tests, corrected for tied ranks, and pairwise post-hoc Dunn tests with 

Bonferroni corrections are used to evaluate differences across the conditions. These results can be found in Table B2 . 
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Table B1 

Listing information, summary statistics. 

T P N 

Obs Mean SD Min Max Obs Mean SD Min Max Obs Mean SD Min Max 

ITT 

Avg estimated value 630 1923.6 1588.1 232.5 12600 615 1973.8 1665.1 225 12600 520 2141.3 1859.5 210 13125 

Uncertainty 630 10.76 4.386 0 100 615 10.70 3.116 3.245 60 520 10.58 3.578 9.910 72.86 

Avg shipping cost 630 50.86 27.90 0 200 615 50.60 27.53 0 150 520 48.73 26.38 0 150 

Scheduled time (hours) 630 180.0 37.73 98 248 615 178.3 38.68 98 248 520 180.0 37.71 98 248 

PP 

Avg estimated value 568 1837.7 1445.1 232.5 10500 523 1842.7 1502.4 225 12600 520 2141.3 1859.5 210 13125 

Uncertainty 568 10.80 4.611 0 100 523 10.74 3.348 3.245 60 520 10.58 3.578 9.910 72.86 

Avg shipping cost 568 50.27 28.02 0 200 523 50.00 28.23 0 150 520 48.73 26.38 0 150 

Scheduled time (hours) 568 179.6 37.56 98 248 523 176.0 39.50 98 248 520 180.0 37.71 98 248 

AT 

Avg estimated value 579 1835.0 1454.8 232.5 10500 524 1841.3 1501.3 225 12600 662 2283.9 1988.4 210 13125 

Uncertainty 579 10.79 4.568 0 100 524 10.74 3.345 3.245 60 662 10.55 3.203 4.476 72.86 

Avg shipping cost 579 50.43 27.97 0 200 524 50.08 28.28 0 150 662 49.93 26.01 0 150 

Scheduled time (hours) 579 179.7 37.32 98 248 524 176.0 39.47 98 248 662 181.8 37.38 98 248 

Table B2 

Listing information, mean difference testing. 

Kruskal-Wallis T vs. P T vs. N P vs. N 

ITT 

Avg estimated value 0.245 1 0.157 0.322 

Uncertainty 0.270 1 0.172 0.368 

Avg shipping cost 0.305 1 0.265 0.262 

Scheduled time (hours) 0.723 0.644 1 0.911 

PP 

Avg estimated value 0.047 1 0.046 0.049 

Uncertainty 0.356 0.986 0.237 0.513 

Avg shipping cost 0.664 1 0.623 0.677 

Scheduled time (hours) 0.225 0.233 1 0.174 

AT 

Avg estimated value 0.0003 1 0.0006 0.001 

Uncertainty 0.658 1 0.550 0.879 

Avg shipping cost 0.989 1 1 1 

Scheduled time (hours) 0.017 0.242 0.225 0.007 

Notes: P-values of the Kruskal-Wallis tests, corrected for tied ranks, and corre- 

sponding pairwise post-hoc Dunn tests, with Bonferroni corrections 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The platform’s experts estimate that the items for sale in our sample have average values ranging from 210 euros to

13125 euros. Most of the items are in the lower end of this scale. Figure B1 confirms that the average estimated values are

log-normally distributed. 

Table B2 reveals that there are no statistically significant differences in the average estimated values between assigned 

treatments (ITT). However, the estimated values differ significantly between per-protocol (PP) and received (AT) treatments; 

whereas there are no differences between the T and P conditions, both the T and P conditions have statistically significantly

lower estimated values than the N condition. We conjecture that this is due to the fact that we had to exclude some auctions

from the T and P conditions after we assigned the treatment, e.g., because another bidder beat us to it and already placed

the first bid or because we were prohibited from bidding due to credit card restrictions. Indeed, if we consider only auctions

that were not bid on (N condition, AT), we see that there is a negative correlation between the estimated values and the

time the first bid was placed ( r(660) = −0 . 3243 , p < 0 . 001 ). It is not clear how credit card restrictions have contributed to

this result, but we consider the possibility that the list of auctions was ordered by estimated value. 

On average, an item’s highest estimated value is 10% greater than its lowest estimated value. We interpret this measure as

the uncertainty regarding the estimated value. This is not statistically significantly different across experimental conditions. 

Each listing includes a list of shipping costs that have to be paid by the winning bidder, and that may differ depending

on the winner’s country of residence. The variable average shipping cost is constructed by taking the simple average of the

shipping costs of the eight countries in which most of the platform’s bidders reside. Though different shipping costs may 

apply to bidders outside of these countries, most sellers charge the same shipping cost for all countries outside of their

own. The average shipping cost is the same across all conditions and ranges between free shipping and 200 euros. 

At any point during the auction, bidders know that the auction is scheduled to end after some set time. On average, the

auctions in our sample are scheduled to last roughly a week, with a minimum of 4 days and 2 hours, and a maximum of
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Fig. B1. Distribution plots of average experts’ estimated values. 

 
10 days and 8 hours. There is no difference across conditions for the ITT and PP analyses. However, in the AT analysis, the

scheduled duration of the auctions in the N condition appears to be greater than those in the P condition. 

Appendix C. Treatment delivery 

Table C1 

First bids, as treated (AT). 

T P N Total 

1 0 524 511 1,035 

2 0 0 45 45 

3 0 0 32 32 

4 0 0 3 3 

5 0 0 9 9 

8 0 0 2 2 

9 0 0 1 1 

10 0 0 13 13 

15 0 0 5 5 

20 0 0 7 7 

25 0 0 4 4 

30 127 0 0 127 

35 113 0 0 113 

40 112 0 1 113 

45 112 0 0 112 

50 115 0 9 124 

60 0 0 2 2 

90 0 0 1 1 

100 0 0 6 6 

120 0 0 2 2 

150 0 0 2 2 

200 0 0 2 2 

250 0 0 1 1 

300 0 0 1 1 

500 0 0 1 1 

639 0 0 1 1 

900 0 0 1 1 

Total 579 524 662 1,765 
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Appendix D. Treatment effects on final selling prices 

Table D1 

Final selling prices. 

T P N 

Obs Mean SD Min Max Obs Mean SD Min Max Obs Mean SD Min Max 

ITT 

Total 630 319.5 357.5 35 6,000 615 311.2 337.1 35 4,200 520 311.3 284.6 45 2,660 

Bid size 

30 135 248.4 193.2 35 1,000 132 277.5 245.4 35 1,600 

35 128 345.5 616.6 40 6,000 115 316.6 372.1 41 2,400 

40 126 336.1 277.1 45 1,800 119 327.4 363.5 45 2,600 

45 114 360.3 270.5 55 1,400 127 305.6 259.2 50 1,300 

50 127 315.7 255.7 55 1,900 122 332.8 424.4 57 4,200 

PP 

Total 568 306.3 342.3 35 6,000 523 297.2 326.0 41 4,200 520 311.3 284.6 45 2,660 

Bid size 

30 122 234.5 177.5 35 1,000 111 269.4 249.6 45 1,600 

35 113 297.3 580.8 40 6,000 103 286.3 317.7 41 2,400 

40 112 325.0 279.1 45 1,800 105 299.8 323.6 45 2,600 

45 106 363.4 270.4 55 1,400 103 289.4 246.9 50 1,200 

50 113 320.4 256.5 55 1,900 100 346 459.1 57 4,200 

AT 

Total 579 305.4 341.0 35 6,000 524 296.8 325.8 41 4,200 662 335.7 323.0 45 3,200 

Bid size 

30 127 229.1 176.8 35 1,000 111 269.4 249.6 45 1,600 

35 113 297.3 580.8 40 6,000 103 286.3 317.7 41 2,400 

40 112 325.0 279.1 45 1,800 107 296.7 321.3 45 2,600 

45 112 363.1 272.0 55 1,400 103 289.4 246.9 50 1,200 

50 115 322.4 255.7 55 1,900 100 346 459.1 57 4,200 
Fig. D1. Distribution plots of final selling prices. 
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Table D2 

The effect of jump bidding on the final selling price. 

Control group P N 

Analysis ITT PP AT ITT PP AT 

Model (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Treatment 

effect 

0.028 0.044 0.026 0.031 0.020 0.029 0.003 0.058 ∗ -0.029 0.046 -0.093 ∗ 0.025 

(0.043) (0.028) (0.045) (0.030) (0.045) (0.030) (0.045) (0.029) (0.045) (0.029) (0.043) (0.027) 

Avg estimated 

value (log) 

0.769 ∗∗∗ 0.757 ∗∗∗ 0.763 ∗∗∗ 0.740 ∗∗∗ 0.738 ∗∗∗ 0.747 ∗∗∗

(0.020) (0.022) (0.022) (0.020) (0.020) (0.019) 

Uncertainty 

(log) 

0.116 ∗∗∗ 0.119 ∗∗∗ 0.121 ∗∗∗ 0.038 0.041 0.039 

(0.033) (0.034) (0.034) (0.034) (0.034) (0.034) 

Avg shipping 

cost (log) 

-0.041 + -0.047 + -0.051 + -0.054 ∗ -0.053 ∗ -0.046 + 

(0.024) (0.026) (0.026) (0.026) (0.027) (0.025) 

Scheduled time 

(hours) 

0.000 0.000 0.000 -0.000 -0.000 -0.001 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Constant 5.431 ∗∗∗ -0.194 5.400 ∗∗∗ -0.162 5.399 ∗∗∗ -0.191 5.455 ∗∗∗ 0.245 5.455 ∗∗∗ 0.216 5.512 ∗∗∗ 0.200 

(0.030) (0.190) (0.032) (0.204) (0.032) (0.202) (0.033) (0.189) (0.033) (0.194) (0.030) (0.184) 

Obs 1,245 1,245 1,091 1,091 1,103 1,103 1,150 1,150 1,088 1,088 1,241 1,241 

R-squared 0.000 0.579 0.000 0.550 0.000 0.556 0.000 0.595 0.000 0.589 0.004 0.610 

Notes: Coefficients from OLS regressions on the log-transformed final selling price; standard errors in parentheses. 
∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05, + p < 0.1 

Table D3 

Effect of jump bidding on the final selling price, interacted with average experts’ estimated value. 

Control group P N 

Analysis ITT PP AT ITT PP AT 

Model (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Treatment effect 0.103 0.090 -0.002 -0.034 -0.067 -0.093 -0.040 -0.063 -0.012 -0.038 -0.006 -0.029 

(0.263) (0.262) (0.293) (0.292) (0.291) (0.289) (0.261) (0.261) (0.270) (0.270) (0.250) (0.250) 

Interaction with 

avg estimated 

value (log) 

-0.008 -0.006 0.005 0.009 0.013 0.017 0.013 0.017 0.008 0.012 0.004 0.007 

(0.036) (0.036) (0.040) (0.040) (0.040) (0.040) (0.036) (0.035) (0.037) (0.037) (0.034) (0.034) 

Avg estimated 

value (log) 

0.739 ∗∗∗ 0.772 ∗∗∗ 0.721 ∗∗∗ 0.753 ∗∗∗ 0.721 ∗∗∗ 0.754 ∗∗∗ 0.718 ∗∗∗ 0.732 ∗∗∗ 0.718 ∗∗∗ 0.732 ∗∗∗ 0.730 ∗∗∗ 0.744 ∗∗∗

(0.025) (0.027) (0.029) (0.031) (0.029) (0.031) (0.025) (0.026) (0.025) (0.027) (0.022) (0.023) 

Uncertainty (log) 0.116 ∗∗∗ 0.119 ∗∗∗ 0.121 ∗∗∗ 0.039 0.042 0.040 

(0.033) (0.034) (0.034) (0.034) (0.034) (0.034) 

Avg shipping cost 

(log) 

-0.041 + -0.047 + -0.051 + -0.055 ∗ -0.053 ∗ -0.046 + 

(0.024) (0.026) (0.026) (0.026) (0.027) (0.025) 

Scheduled time 

(hours) 

0.000 0.000 0.000 -0.000 -0.000 -0.001 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Constant 0.044 -0.218 0.177 -0.127 0.174 -0.125 0.187 0.306 0.187 0.255 0.113 0.222 

(0.187) (0.231) (0.214) (0.256) (0.214) (0.255) (0.188) (0.230) (0.188) (0.231) (0.164) (0.209) 

Obs 1,245 1,245 1,091 1,091 1,103 1,103 1,150 1,150 1,088 1,088 1,241 1,241 

R-squared 0.574 0.579 0.544 0.550 0.550 0.556 0.593 0.595 0.587 0.589 0.608 0.610 

Notes: Coefficients from OLS regressions on the log-transformed final selling price; standard errors in parentheses. ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05, + 

p < 0.1 
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Table D4 

Effect of jump bidding on the final selling price, interacted with uncertainty. 

Control group P N 

Analysis ITT PP AT ITT PP AT 

Model (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Treatment effect -0.224 0.155 + -0.119 0.155 -0.110 0.157 -0.483 ∗∗∗ -0.071 -0.584 ∗∗∗ -0.099 -0.864 ∗∗∗ -0.133 

(0.136) (0.093) (0.139) (0.097) (0.140) (0.096) (0.146) (0.098) (0.146) (0.099) (0.141) (0.096) 

Interaction with 

uncertainty (log) 

0.180 ∗ -0.078 0.103 -0.087 0.092 -0.089 0.359 ∗∗∗ 0.092 0.409 ∗∗∗ 0.103 0.571 ∗∗∗ 0.113 + 

(0.091) (0.062) (0.092) (0.064) (0.093) (0.064) (0.099) (0.067) (0.099) (0.067) (0.096) (0.065) 

Avg estimated 

value (log) 

0.772 ∗∗∗ 0.760 ∗∗∗ 0.765 ∗∗∗ 0.737 ∗∗∗ 0.734 ∗∗∗ 0.742 ∗∗∗

(0.020) (0.022) (0.022) (0.020) (0.020) (0.019) 

Uncertainty (log) -0.549 ∗∗∗ 0.166 ∗∗ -0.422 ∗∗∗ 0.175 ∗∗ -0.423 ∗∗∗ 0.178 ∗∗∗ -0.728 ∗∗∗ -0.026 -0.728 ∗∗∗ -0.031 -0.902 ∗∗∗ -0.039 

(0.071) (0.052) (0.073) (0.053) (0.073) (0.053) (0.082) (0.058) (0.081) (0.058) (0.078) (0.056) 

Avg shipping cost 

(log) 

-0.043 + -0.049 + -0.052 ∗ -0.053 ∗ -0.052 + -0.045 + 

(0.024) (0.026) (0.026) (0.026) (0.027) (0.025) 

Scheduled time 

(hours) 

0.000 0.000 0.000 -0.000 -0.000 -0.000 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Constant 6.210 ∗∗∗ -0.283 6.004 ∗∗∗ -0.257 6.005 ∗∗∗ -0.288 6.469 ∗∗∗ 0.349 + 6.469 ∗∗∗ 0.338 6.759 ∗∗∗ 0.344 + 

(0.106) (0.203) (0.109) (0.215) (0.109) (0.214) (0.118) (0.204) (0.118) (0.209) (0.111) (0.202) 

Obs 1,245 1,245 1,091 1,091 1,103 1,103 1,150 1,150 1,088 1,088 1,241 1,241 

R-squared 0.076 0.580 0.057 0.551 0.058 0.557 0.096 0.596 0.094 0.590 0.123 0.611 

Notes: Coefficients from OLS regressions on the log-transformed final selling price; standard errors in parentheses. ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05, + 

p < 0.1 

Table D5 

The effect of jump bidding on the final selling price, by bid size. 

Control group P N 

Analysis ITT PP AT ITT PP AT 

Model (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Treatment effect 

30 -0.175 ∗ -0.117 ∗ -0.249 ∗∗∗ -0.147 ∗∗ -0.224 ∗∗ -0.150 ∗∗ -0.200 ∗∗ -0.103 ∗ -0.292 ∗∗∗ -0.138 ∗∗ -0.337 ∗∗∗ -0.155 ∗∗∗

(0.071) (0.046) (0.074) (0.048) (0.073) (0.049) (0.072) (0.046) (0.074) (0.047) (0.073) (0.046) 

35 -0.043 0.017 -0.180 ∗ -0.016 -0.119 -0.006 -0.067 0.027 -0.224 ∗∗ -0.010 -0.232 ∗∗ -0.012 

(0.073) (0.047) (0.076) (0.050) (0.076) (0.051) (0.074) (0.047) (0.077) (0.048) (0.077) (0.048) 

40 0.106 0.112 ∗ 0.035 0.086 + 0.097 0.100 + 0.082 0.121 ∗ -0.008 0.090 + -0.017 0.088 + 

(0.074) (0.048) (0.076) (0.050) (0.076) (0.051) (0.074) (0.047) (0.077) (0.048) (0.077) (0.048) 

45 0.183 ∗ 0.134 ∗∗ 0.169 ∗ 0.124 ∗ 0.223 ∗∗ 0.146 ∗∗ 0.159 ∗ 0.152 ∗∗ 0.126 0.137 ∗∗ 0.110 0.142 ∗∗

(0.077) (0.050) (0.078) (0.051) (0.076) (0.051) (0.078) (0.049) (0.079) (0.050) (0.077) (0.048) 

50 0.097 0.093 + 0.084 0.064 0.154 ∗ 0.079 0.072 0.114 ∗ 0.041 0.082 + 0.040 0.082 + 

(0.073) (0.048) (0.076) (0.050) (0.076) (0.051) (0.074) (0.047) (0.077) (0.048) (0.076) (0.048) 

Avg estimated 

value (log) 

0.766 ∗∗∗ 0.764 ∗∗∗ 0.755 ∗∗∗ 0.737 ∗∗∗ 0.742 ∗∗∗ 0.741 ∗∗∗

(0.020) (0.020) (0.022) (0.019) (0.019) (0.019) 

Uncertainty (log) 0.115 ∗∗∗ 0.114 ∗∗∗ 0.118 ∗∗∗ 0.037 0.037 0.037 

(0.033) (0.033) (0.034) (0.034) (0.033) (0.033) 

Avg shipping cost 

(log) 

-0.044 + -0.043 + -0.053 ∗ -0.058 ∗ -0.049 ∗ -0.048 ∗

(0.024) (0.024) (0.026) (0.026) (0.025) (0.024) 

Scheduled time 

(hours) 

0.000 0.000 0.000 -0.000 -0.001 -0.001 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Constant 5.431 ∗∗∗ -0.160 5.460 ∗∗∗ -0.135 5.399 ∗∗∗ -0.120 5.455 ∗∗∗ 0.284 5.504 ∗∗∗ 0.252 5.512 ∗∗∗ 0.260 

(0.030) (0.189) (0.029) (0.191) (0.032) (0.202) (0.033) (0.188) (0.029) (0.183) (0.029) (0.183) 

Observations 1,245 1,245 1,245 1,245 1,103 1,103 1,150 1,150 1,242 1,242 1,241 1,241 

R-squared 0.015 0.587 0.021 0.586 0.028 0.567 0.016 0.604 0.023 0.618 0.027 0.619 

Notes: Coefficients from OLS regressions on the log-transformed final selling price; standard errors in parentheses. ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05, + 

p < 0.1 

321 



J. Delnoij, S. Rezaei and A.v.d. Rijt Journal of Economic Behavior and Organization 209 (2023) 308–325 

Table D6 

The effect of jump bidding on the final selling price, by bid size and interacted with uncertainty. 

Control group P N 

Analysis ITT PP AT ITT PP AT 

Model (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Treatment effect 

30 -0.748 ∗∗∗ 0.165 -0.939 ∗∗∗ 0.109 -0.631 ∗∗∗ 0.142 -1.007 ∗∗∗ -0.090 -1.390 ∗∗∗ -0.159 -1.385 ∗∗∗ -0.165 

(0.168) (0.118) (0.169) (0.119) (0.170) (0.121) (0.174) (0.121) (0.171) (0.120) (0.171) (0.120) 

35 1.559 ∗∗∗ -0.165 0.826 + -0.412 1.157 ∗∗ -0.322 1.300 ∗∗∗ -0.300 0.375 -0.595 ∗ 0.403 -0.588 ∗

(0.396) (0.276) (0.426) (0.294) (0.423) (0.298) (0.393) (0.272) (0.421) (0.286) (0.421) (0.285) 

40 1.111 ∗∗ 0.435 + 0.813 ∗ 0.399 + 1.143 ∗∗ 0.470 + 0.852 ∗ 0.249 0.361 0.184 0.389 0.191 

(0.341) (0.234) (0.351) (0.241) (0.349) (0.244) (0.340) (0.232) (0.348) (0.235) (0.348) (0.234) 

45 0.003 0.082 -0.173 0.042 0.203 0.113 -0.256 -0.132 -0.624 ∗∗ -0.191 -0.551 ∗ -0.170 

(0.229) (0.157) (0.231) (0.158) (0.230) (0.160) (0.232) (0.158) (0.232) (0.157) (0.230) (0.156) 

50 -0.175 -0.017 -0.313 -0.058 0.033 -0.004 -0.434 ∗ -0.224 -0.764 ∗∗∗ -0.280 ∗ -0.721 ∗∗∗ -0.268 + 

(0.207) (0.142) (0.208) (0.143) (0.208) (0.145) (0.210) (0.144) (0.209) (0.142) (0.209) (0.141) 

Interaction with uncertainty (log) 

30 0.408 ∗∗∗ -0.194 ∗∗ 0.493 ∗∗∗ -0.175 ∗ 0.288 ∗∗ -0.199 ∗∗ 0.587 ∗∗∗ -0.006 0.802 ∗∗∗ 0.019 0.767 ∗∗∗ 0.012 

(0.107) (0.075) (0.106) (0.075) (0.107) (0.076) (0.112) (0.078) (0.110) (0.077) (0.110) (0.077) 

35 -1.168 ∗∗∗ 0.133 -0.714 ∗ 0.283 -0.910 ∗∗ 0.227 -0.989 ∗∗∗ 0.236 -0.405 0.417 ∗ -0.431 0.411 ∗

(0.280) (0.196) (0.297) (0.206) (0.295) (0.209) (0.279) (0.193) (0.294) (0.200) (0.294) (0.200) 

40 -0.766 ∗∗ -0.236 -0.594 ∗ -0.228 -0.790 ∗∗ -0.268 -0.587 ∗ -0.096 -0.285 -0.070 -0.311 -0.076 

(0.245) (0.169) (0.251) (0.172) (0.249) (0.174) (0.244) (0.167) (0.249) (0.168) (0.250) (0.168) 

45 0.136 0.034 0.253 + 0.055 0.020 0.020 0.315 ∗ 0.198 + 0.562 ∗∗∗ 0.229 ∗ 0.500 ∗∗ 0.218 ∗

(0.151) (0.103) (0.151) (0.104) (0.151) (0.105) (0.154) (0.105) (0.153) (0.103) (0.152) (0.103) 

50 0.208 0.071 0.299 ∗ 0.079 0.097 0.052 0.387 ∗∗ 0.231 ∗ 0.608 ∗∗∗ 0.248 ∗∗ 0.576 ∗∗∗ 0.240 ∗∗

(0.132) (0.091) (0.133) (0.091) (0.133) (0.092) (0.136) (0.093) (0.135) (0.092) (0.135) (0.091) 

Avg estimated 

value (log) 

0.780 ∗∗∗ 0.779 ∗∗∗ 0.770 ∗∗∗ 0.742 ∗∗∗ 0.745 ∗∗∗ 0.744 ∗∗∗

(0.021) (0.021) (0.023) (0.020) (0.019) (0.019) 

Uncertainty (log) -0.549 ∗∗∗ 0.173 ∗∗∗ -0.619 ∗∗∗ 0.160 ∗∗ -0.423 ∗∗∗ 0.182 ∗∗∗ -0.728 ∗∗∗ -0.022 -0.928 ∗∗∗ -0.041 -0.902 ∗∗∗ -0.035 

(0.070) (0.051) (0.069) (0.052) (0.071) (0.053) (0.080) (0.058) (0.076) (0.056) (0.076) (0.056) 

Avg shipping cost 

(log) 

-0.044 + -0.042 + -0.053 ∗ -0.055 ∗ -0.046 + -0.046 + 

(0.024) (0.024) (0.026) (0.026) (0.024) (0.024) 

Scheduled time 

(hours) 

0.000 0.000 0.000 -0.000 -0.000 -0.000 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Constant 6.210 ∗∗∗ -0.347 + 6.336 ∗∗∗ -0.311 6.005 ∗∗∗ -0.328 6.469 ∗∗∗ 0.313 6.787 ∗∗∗ 0.327 6.759 ∗∗∗ 0.322 

(0.103) (0.207) (0.101) (0.209) (0.107) (0.218) (0.115) (0.208) (0.108) (0.205) (0.108) (0.204) 

Obs 1,245 1,245 1,245 1,245 1,103 1,103 1,150 1,150 1,242 1,242 1,241 1,241 

R-squared 0.125 0.591 0.124 0.591 0.112 0.572 0.150 0.608 0.169 0.623 0.169 0.624 

Notes: Coefficients from OLS regressions on the log-transformed final selling price; standard errors in parentheses. ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05, + 

p < 0.1 

Table D7 

The effect of the size of the treatment on the final selling price in treated auctions (T condition). 

Analysis ITT PP AT 

Model (1) (2) (3) (4) (5) (6) 

Size of treatment 0.015 ∗∗∗ 0.011 ∗∗∗ 0.020 ∗∗∗ 0.012 ∗∗∗ 0.022 ∗∗∗ 0.013 ∗∗∗

(0.004) (0.003) (0.004) (0.003) (0.004) (0.003) 

Avg estimated value (log) 0.750 ∗∗∗ 0.736 ∗∗∗ 0.745 ∗∗∗

(0.028) (0.031) (0.030) 

Uncertainty (log) 0.069 0.072 + 0.074 + 

(0.043) (0.043) (0.043) 

Avg shipping cost (log) -0.049 -0.046 -0.053 

(0.038) (0.040) (0.039) 

Scheduled time (hours) -0.000 0.000 0.000 

(0.001) (0.001) (0.001) 

Constant 4.847 ∗∗∗ -0.325 4.621 ∗∗∗ -0.367 4.544 ∗∗∗ -0.445 

(0.170) (0.282) (0.175) (0.293) (0.174) (0.289) 

Obs 630 630 566 566 579 579 

R-squared 0.021 0.569 0.037 0.553 0.043 0.567 

Notes: Coefficients from OLS regressions on the log-transformed final selling price; standard errors in parenthe- 

ses. ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05, + p < 0.1 
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Appendix E. Treatment effects on other auction outcomes 
Table E1 

Other auction outcomes. 

T P N 

Obs Mean SD Min Max Obs Mean SD Min Max Obs Mean SD Min Max 

ITT 

Nr bidders 630 7.625 3.333 1 18 615 7.328 3.356 1 20 520 7.260 3.386 1 18 

Nr bids 630 18.69 8.953 1 50 615 17.74 8.915 1 57 520 18.13 8.945 1 50 

Nr jump bids 630 2.143 1.847 0 9 615 2.033 1.786 0 9 520 2.071 2.007 0 15 

Avg size jump 630 7.317 50.67 0 989.2 615 5.713 12.40 0 148 520 5.392 11.15 0 148 

PP 

Nr bidders 568 7.646 3.279 1 18 523 7.279 3.285 1 20 520 7.260 3.386 1 18 

Nr bids 568 18.60 8.864 1 50 523 17.45 8.647 1 57 520 18.13 8.945 1 50 

Nr jump bids 568 2.092 1.791 0 9 523 2.008 1.745 0 9 520 2.071 2.007 0 15 

Avg size jump 568 5.302 41.95 0 989.2 523 5.409 11.49 0 148 520 5.392 11.15 0 148 

AT 

Nr bidders 579 7.636 3.302 1 18 524 7.275 3.283 1 20 662 7.331 3.460 1 18 

Nr bids 579 18.49 8.887 1 50 524 17.43 8.648 1 57 662 18.54 9.189 1 50 

Nr jump bids 579 2.078 1.790 0 9 524 2.008 1.744 0 9 662 2.148 2.040 0 15 

Avg size jump 579 5.316 41.57 0 989.2 524 5.409 11.48 0 148 662 7.575 32.66 0 638 

Table E2 

The effect of jump bidding on the number of bidders. 

Control group P N 

Analysis ITT PP AT ITT PP AT 

Model (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Treatment effect 0.297 0.356 ∗ 0.367 + 0.406 ∗ 0.361 + 0.415 ∗ 0.366 + 0.548 ∗∗ 0.387 + 0.616 ∗∗∗ 0.305 0.637 ∗∗∗

(0.190) (0.167) (0.199) (0.174) (0.199) (0.173) (0.199) (0.174) (0.202) (0.177) (0.193) (0.170) 

Avg estimated 

value (log) 

2.108 ∗∗∗ 2.188 ∗∗∗ 2.203 ∗∗∗ 2.089 ∗∗∗ 2.112 ∗∗∗ 2.077 ∗∗∗

(0.120) (0.128) (0.126) (0.120) (0.122) (0.116) 

Uncertainty (log) 0.197 0.204 0.203 0.163 0.147 0.136 

(0.199) (0.196) (0.196) (0.207) (0.205) (0.209) 

Avg shipping cost 

(log) 

-0.746 ∗∗∗ -0.677 ∗∗∗ -0.701 ∗∗∗ -0.826 ∗∗∗ -0.729 ∗∗∗ -0.788 ∗∗∗

(0.146) (0.151) (0.150) (0.159) (0.161) (0.154) 

Scheduled time 

(hours) 

0.002 -0.001 -0.001 -0.001 -0.003 0.000 

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

Constant 7.328 ∗∗∗ -5.826 ∗∗∗ 7.279 ∗∗∗ -6.118 ∗∗∗ 7.275 ∗∗∗ -6.136 ∗∗∗ 7.260 ∗∗∗ -5.007 ∗∗∗ 7.260 ∗∗∗ -5.155 ∗∗∗ 7.331 ∗∗∗ -5.291 ∗∗∗

(0.135) (1.138) (0.144) (1.177) (0.144) (1.171) (0.147) (1.157) (0.146) (1.169) (0.132) (1.140) 

Obs 1,245 1,245 1,091 1,091 1,103 1,103 1,150 1,150 1,088 1,088 1,241 1,241 

R-squared 0.002 0.232 0.003 0.241 0.003 0.247 0.003 0.239 0.003 0.246 0.002 0.237 

Notes: Coefficients from OLS regressions on the number of other bidders; standard errors in parentheses. ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05, + p < 0.1 
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Table E3 

The effect of jump bidding on the number of bids. 

Control group P N 

Analysis ITT PP AT ITT PP AT 

Model (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Treatment 

effect 

0.946 + 1.107 ∗∗ 1.149 ∗ 1.245 ∗∗ 1.061 ∗ 1.202 ∗∗ 0.562 1.117 ∗∗ 0.468 1.197 ∗∗ -0.053 1.048 ∗

(0.506) (0.412) (0.531) (0.433) (0.529) (0.430) (0.530) (0.426) (0.540) (0.432) (0.515) (0.415) 

Avg 

estimated 

value (log) 

6.903 ∗∗∗ 7.019 ∗∗∗ 7.040 ∗∗∗ 6.842 ∗∗∗ 6.909 ∗∗∗ 6.842 ∗∗∗

(0.296) (0.318) (0.314) (0.293) (0.299) (0.283) 

Uncertainty 

(log) 

0.644 0.675 0.676 0.249 0.274 0.232 

(0.493) (0.487) (0.486) (0.506) (0.502) (0.510) 

Avg shipping 

cost (log) 

-1.126 ∗∗ -0.948 ∗ -1.006 ∗∗ -1.523 ∗∗∗ -1.296 ∗∗ -1.424 ∗∗∗

(0.360) (0.376) (0.373) (0.389) (0.393) (0.375) 

Scheduled 

time 

(hours) 

0.004 -0.006 -0.006 -0.007 -0.013 ∗ -0.002 

(0.006) (0.006) (0.006) (0.006) (0.006) (0.006) 

Constant 17.745 ∗∗∗ -30.010 ∗∗∗ 17.447 ∗∗∗ -29.759 ∗∗∗ 17.429 ∗∗∗ -29.665 ∗∗∗ 18.129 ∗∗∗ -25.436 ∗∗∗ 18.129 ∗∗∗ -25.750 ∗∗∗ 18.544 ∗∗∗ -26.647 ∗∗∗

(0.360) (2.814) (0.383) (2.929) (0.383) (2.908) (0.392) (2.826) (0.390) (2.860) (0.352) (2.787) 

Obs 1,245 1,245 1,091 1,091 1,103 1,103 1,150 1,150 1,088 1,088 1,241 1,241 

R-squared 0.003 0.343 0.004 0.342 0.004 0.346 0.001 0.360 0.001 0.366 0.000 0.360 

Notes: Coefficients from OLS regressions on the number of bids by other bidders; standard errors in parentheses. ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05, + p < 0.1 

Table E4 

The effect of jump bidding on the number of jump bids. 

Control group P N 

Analysis ITT PP AT ITT PP AT 

Model (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Treatment effect 0.110 0.131 0.084 0.086 0.070 0.078 0.072 0.152 0.020 0.132 -0.070 0.105 

(0.103) (0.091) (0.107) (0.095) (0.107) (0.095) (0.114) (0.101) (0.115) (0.102) (0.110) (0.097) 

Avg estimated 

value (log) 

1.102 ∗∗∗ 1.092 ∗∗∗ 1.093 ∗∗∗ 1.154 ∗∗∗ 1.134 ∗∗∗ 1.136 ∗∗∗

(0.066) (0.070) (0.069) (0.069) (0.071) (0.067) 

Uncertainty (log) 0.115 0.095 0.100 0.086 0.089 0.113 

(0.109) (0.107) (0.107) (0.120) (0.119) (0.120) 

Avg shipping 

cost (log) 

0.113 0.088 0.089 0.027 0.041 0.074 

(0.080) (0.083) (0.082) (0.092) (0.093) (0.088) 

Scheduled time 

(hours) 

-0.001 0.001 0.001 -0.000 0.000 -0.002 

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Constant 2.033 ∗∗∗ -6.384 ∗∗∗ 2.008 ∗∗∗ -6.466 ∗∗∗ 2.008 ∗∗∗ -6.502 ∗∗∗ 2.071 ∗∗∗ -6.573 ∗∗∗ 2.071 ∗∗∗ -6.544 ∗∗∗ 2.148 ∗∗∗ -6.392 ∗∗∗

(0.073) (0.624) (0.077) (0.646) (0.077) (0.641) (0.084) (0.667) (0.083) (0.676) (0.075) (0.654) 

Obs 1,245 1,245 1,091 1,091 1,103 1,103 1,150 1,150 1,088 1,088 1,241 1,241 

R-squared 0.001 0.218 0.001 0.213 0.000 0.215 0.000 0.226 0.000 0.220 0.000 0.223 

Notes: Coefficients from OLS regressions on the number of jump bids by other bidders; standard errors in parentheses. ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05, 

+ p < 0.1 

Table E5 

The effect of jump bidding on average size of jumps. 

Control group P N 

Analysis ITT PP AT ITT PP AT 

Model (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Treatment effect -0.058 ∗ -0.057 ∗ -0.087 ∗∗∗ -0.090 ∗∗∗ -0.086 ∗∗∗ -0.089 ∗∗∗ -0.070 ∗ -0.065 ∗ -0.105 ∗∗∗ -0.096 ∗∗∗ -0.130 ∗∗∗ -0.114 ∗∗∗

(0.028) (0.027) (0.026) (0.026) (0.026) (0.026) (0.030) (0.029) (0.027) (0.026) (0.028) (0.028) 

Avg estimated 

value (log) 

0.119 ∗∗∗ 0.095 ∗∗∗ 0.095 ∗∗∗ 0.126 ∗∗∗ 0.109 ∗∗∗ 0.121 ∗∗∗

(0.020) (0.019) (0.019) (0.020) (0.018) (0.019) 

Uncertainty (log) 0.044 0.042 0.043 0.018 0.018 0.023 

(0.032) (0.029) (0.029) (0.034) (0.031) (0.034) 

Avg shipping 

cost (log) 

0.089 ∗∗∗ 0.060 ∗∗ 0.063 ∗∗ 0.081 ∗∗ 0.066 ∗∗ 0.094 ∗∗∗

(0.024) (0.022) (0.022) (0.026) (0.024) (0.025) 

Scheduled time 

(hours) 

-0.001 ∗ 0.000 0.000 -0.000 0.000 -0.001 ∗

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Constant 0.446 ∗∗∗ -0.665 ∗∗∗ 0.440 ∗∗∗ -0.611 ∗∗∗ 0.441 ∗∗∗ -0.627 ∗∗∗ 0.458 ∗∗∗ -0.717 ∗∗∗ 0.458 ∗∗∗ -0.692 ∗∗∗ 0.484 ∗∗∗ -0.628 ∗∗∗

(0.020) (0.185) (0.019) (0.174) (0.019) (0.173) (0.022) (0.191) (0.019) (0.174) (0.019) (0.186) 

Obs 1,245 1,245 1,091 1,091 1,103 1,103 1,150 1,150 1,088 1,088 1,241 1,241 

R-squared 0.003 0.051 0.010 0.047 0.010 0.049 0.005 0.057 0.014 0.065 0.017 0.072 

Notes: Coefficients from OLS regressions on the log-transformed average size of jump bids by other bidders; standard errors in parentheses. ∗∗∗ p < 0.001, 
∗∗ p < 0.01, ∗ p < 0.05, + p < 0.1 

324 



J. Delnoij, S. Rezaei and A.v.d. Rijt Journal of Economic Behavior and Organization 209 (2023) 308–325 

 

 

 

 

 

 

References 

Avery, C., 1998. Strategic jump bidding in english auctions. Rev. Econ. Stud. 65 (2), 185–210 . 

Banks, J., Olson, M., Porter, D., Rassenti, S., Smith, V., 2003. Theory, experiment and the federal communications commission spectrum auctions. J. Econ.

Behav. Org. 51 (3), 303–350 . 
Bapna, R., Goes, P., Gupta, A., 2003. Replicating online yankee auctions to analyze auctioneers’ and bidders’ strategies. Inf. Syst. Res. 14 (3), 244–268 . 

Bhattacharyya, S., et al., 1990. The analytics of takeover bidding: initial bids and their premia. Technical Report. Carnegie Mellon University, Tepper School
of Business . 

Börgers, T., Dustmann, C., 2005. Strange bids: bidding behaviour in the united kingdom’s third generation spectrum auction. Econ. J. 115 (505), 551–578 . 
Carpenter, J., Holmes, J., Matthews, P.H., 2010. Charity auctions in the experimental lab. Res. Exp. Econ. 13, 201–249 . 

Carpenter, J., Holmes, J., Matthews, P.H., 2011. Jumping and sniping at the silents: does it matter for charities? J. Publ. Econ. 95 (5-6), 395–402 . 

Clemons, E.K., 2007. An empirical investigation of third-party seller rating systems in e-commerce: the case of buysafe. J. Manag. Inf. Syst. 24 (2), 43–71 . 
Coppinger, V.M., Smith, V.L., Titus, J.A., 1980. Incentives and behavior in english, dutch and sealed-bid auctions. Econ. Inq. 18 (1), 1–22 . 

Cramton, P., 1997. The fcc spectrum auctions: an early assessment. J. Econ. Manag. Strateg. 6 (3), 431–495 . 
Daniel, K. D., Hirshleifer, D., 2018. A theory of costly sequential bidding. Rev. Financ. 22 (5), 1631–1665 . 

Easley, R.F., Tenorio, R., 2004. Jump bidding strategies in internet auctions. Manag. Sci. 50 (10), 1407–1419 . 
Easley, R.F., Wood, C.A., Barkataki, S., 2010. Bidding patterns, experience, and avoiding the winner’s curse in online auctions. J. Manag. Inf. Syst. 27 (3),

241–268 . 

Ettinger, D., Michelucci, F., 2016. Creating a winner’s curse via jump bids. Rev. Econ. Des. 20 (3), 173–186 . 
Ettinger, D., Michelucci, F., 2016. Hiding information in open auctions with jump bids. Econ. J. 126 (594), 1484–1502 . 

Fishman, M.J., 1988. A theory of preemptive takeover bidding. Rand J. Econ. 88–101 . 
Grether, D., Porter, D., Shum, M., 2015. Cyber-shilling in automobile auctions: evidence from a field experiment. Am. Econ. J. 7 (3), 85–103 . 

Haruvy, E., Leszczyc, P.T.P., 2010. The impact of online auction duration. Decis. Anal. 7 (1), 99–106 . 
He, Y., Leszczyc, P.T.P., 2013. The impact of jump bidding in online auctions. Market. Lett. 24 (4), 387–397 . 

Hirshleifer, D., Png, I.P., 1989. Facilitation of competing bids and the price of a takeover target. Rev. Financ. Stud. 2 (4), 587–606 . 
Hörner, J., Sahuguet, N., 2011. A war of attrition with endogenous effort levels. Econ. Theory 47 (1), 1–27 . 

Isaac, R.M., Salmon, T.C., Zillante, A., 2005. An experimental test of alternative models of bidding in ascending auctions. Int. J. Game Theory 33 (2), 287–313 .

Isaac, R.M., Salmon, T.C., Zillante, A., 2007. A theory of jump bidding in ascending auctions. J. Econ. Behav. Org. 62 (1), 144–164 . 
Isaac, R.M., Schnier, K., 2005. Silent auctions in the field and in the laboratory. Econ. Inq. 43 (4), 715–733 . 

Khazal, A., Sønstebø, O.J., Olaussen, J.O., Oust, A., 2020. The impact of strategic jump bidding in residential english auctions. J. Property Res. 1–24 . 
Kwasnica, A.M., Katok, E., 2007. The effect of timing on jump bidding in ascending auctions. Prod. Oper. Manag. 16 (4), 4 83–4 94 . 

Lim, W., Xiong, S., 2021. Does jump bidding increase sellers’ revenue? Theory and experiment. J. Econ. Behav. Org. 189, 84–110 . 
McAfee, R.P., McMillan, J., 1987. Auctions and bidding. J. Econ. Lit. 25 (2), 699–738 . 

McCabe, K., Rassenti, S., Smith, V., 1988. Testing vickrey’s and other simultaneous multiple unit versions of the english auction, revised by isaac. 1991) Res.

Exp. Econ. (JAI, Greenwich, CT) 4 . 
Milgrom, P., Milgrom, P.R., 2004. Putting Auction Theory to Work. Cambridge University Press . 

Milgrom, P.R., Weber, R.J., 1982. A theory of auctions and competitive bidding. Econometrica: J. Econom. Soc. 1089–1122 . 
Plott, C.R., Salmon, T.C., 2004. The simultaneous, ascending auction: dynamics of price adjustment in experiments and in the uk3g spectrum auction. J.

Econ. Behav. Org. 53 (3), 353–383 . 
Raviv, Y., 2008. The role of the bidding process in price determination: jump bidding in sequential english auctions. Econ. Inq. 46 (3), 325–341 . 

Sommervoll, D.E., 2020. Jump bids in real estate auctions. J. Hous. Econ. 101713 . 
325 

http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0001
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0002
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0003
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0004
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0005
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0006
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0007
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0008
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0009
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0010
http://refhub.elsevier.com/S0167-2681(23)00076-8/othref0001
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0011
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0012
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0013
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0014
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0015
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0016
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0017
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0018
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0019
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0020
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0021
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0022
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0023
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0024
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0025
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0026
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0027
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0028
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0029
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0030
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0031
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0032
http://refhub.elsevier.com/S0167-2681(23)00076-8/sbref0033

	Jump bidding does not reduce  prices: Field-experimental evidence from online auctions
	1 Introduction
	2 Literature
	2.1 Theoretical studies of jump bids
	2.2 Empirical studies of jump bids

	3 Experiment
	3.1 Setting
	3.2 Design and procedures

	4 Data
	5 Results
	6 Discussion and conclusion
	Appendix A Setting
	Appendix B Balance checks
	Appendix C Treatment delivery
	Appendix D Treatment effects on final selling prices
	Appendix E Treatment effects on other auction outcomes
	References


