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AbstractWe revisit the result that, in the independent private values setting, the �rst-price sealed bidand descending clock ( or Dutch) auction are not isomorphic. We investigate the hypothesis thatthe empirical non-isomorphism arises from framing and presentation e�ects. Our design focuseson a careful construction of subject interfaces that present the two environments as similarly aspossible. Our sessions also consist of more auction periods to test whether the initial framinge�ects are subsequently washed away by greater experience. We �nd the di�erence between theimplementations persists. We also investigate an intermediate implementation which operates likethe Dutch auction, but in which the clock continues to tick to the lowest price without informing� . Corresponding author; email address turocy@econmai l . tamu. eduy . Deceased. 1



bidders when others have bid on the object. This implementation gives results in between thesealed-bid and Dutch implementations.Keywords: auctions, �rst-price, isomorphism
1 IntroductionDespite being one of the simplest auction environments, the single-unit inde-pendent private values �rst-price auction has exhibited two intriguing stylizedfacts in laboratory studies. First, subjects typically bid more aggressivelythan predicted by the risk-neutral Bayes-Nash equilibrium (RNNE for short) ,resulting in signi�cant reductions in their overall monetary earnings. In addi-tion, the �rst-price auction may be implemented in two ways, as a sealed-bid oras a Dutch descending-clock auction. Bayes-Nash equilibrium theory suggeststhese should be isomorphic, giving identical results. Yet, bidding behavior inthe Dutch implementation is signi�cantly less aggressive. 1The seminal papers in this area include those of Coppinger, Smith,and Titus [ 3] , Cox, Roberson, and Smith [ 4] , and Cox, Smith, andWalker [ 6] , with a substantial subsequent literature. Kagel [ 9] providesa good survey and summary of the results and the theories put forward toexplain them. Instead of testing these theories speci�cally, we return to thesestylized facts from a new perspective, in which more careful considerationof the presentation and framing of these auctions plays a central part. Our1 . We will use the term ��rst-price� auction to refer generically to the institution, with theterm �implementation� referring to one of the ways in which the theoretical structure of the auc-tion is realized. 2



design considers two aspects of framing in the �rst-price auction.We investigate the result that both auction implementations produce marketprices in excess of the RNNE by presenting the games in the context of acustom-designed graphical interface. This interface presentsthe information,action, and payo� spaces within a uni�ed rectangular area, visually presentingthe interrelations among private values, bids, and earnings. Here, we takeadvantage of the prevelance of the graphical computer interface today, notavailable at the time of the classic papers cited above. Our subjects makechoices and receive feedback in the same frame, in keeping with principles ofinteraction design ( e. g. , Cooper and Reimann [ 2 ] ) . The graphical displayis identical across implementations, save the minimal changes necessary dueto the rules of the games. 2As a further control to keep the environments as similar as possible, andin view of the observations of Katok and Kwasnica [ 1 0] , we attempt tocontrol for the opportunity cost of subjects' time by choosing the speed ofthe clock in the Dutch auction in such a way that the typical period andsession length for all implementations are approximately the same. We viewthe results of Katok and Kwasnica as an illustration of the importance ofmaintaining the dominance of the payo� implications of actions within thesession (Smith [ 1 2 ] ) . In a pilot session not reported in this paper, in which wedid not institute this control, our subjects completed 80 sealed-bid auctionsin about 30 minutes. In subsequent sealed-bid sessions, a common subjectquestion was whether the session would end sooner, or if more periods wouldbe conducted, if they �bid faster. � Thus, we view this control as a signi�cant2 . Speci�cally, subjects submit bids by clicking on the appropriate price in the sealed implemen-tation, whereas they bid by clicking on a �Purchase� button in the Dutch.3



design feature for the purpose of testing isomorphism.The sessions reported in this paper consist of 60 auction periods, in whichsubjects participate in the same implementation throughout. 3 This duration isannounced to the subjects during the instructions for the session. This designfeature has two objectives. First, with a large number of auction periods,the cumulative e�ects of suboptimal bidding, in terms of foregone earnings,will be more signi�cant. Second, if the behavioral features of these auctionenvironments arise largely from an initial misperception of the tradeo�s madein setting bids, a larger number of periods o�ers time for subjects to adapt.Our second framing treatment addresses more directly the di�erence in theextensive forms of the sealed and Dutch implementations. We contrast the waythe uncertainty about other bidders' values and bidding behavior is presentedin these two games. Dorsey and Razzolini [ 7] observe that the choice ofa bid in the sealed implementation is similar to the choice of a lottery froma menu, where each lottery i in the menu has some probability pi of winningsome prize qi, with a prize of zero otherwise, such that the pi and qi have aninverse relationship. In the Dutch implementation, those same lotteries arepresented in a sequential format. At any point in time, the choice of whetherto purchase now, or to allow the auction to continue and the clock to tickdown, is similar to the choice between an outcome that is essentially a surething � purchase the object now and earn the di�erence between one' s valueand the current price with a high probability � versus not purchasing. In thelatter case, with high probability, the bidder will face a similar choice at thenext price, in which the purchase option has now become more attractive3. We acknowledge the potential interest in studying transfer across the implementations we study,but choose the across-sessions design to abstract away from those considerations.4



because the clock price has fallen. We conjecture that the Dutch presentationhelps bidders to recognize the tradeo� between probability of winning and theamount won - the essential tradeo� in the �rst-price auction - in a di�erentway than the sealed implementation. We will refer to this intermediate imple-mentation as the �silent� implementation.To investigate this, we introduce a synthetic implementation, intermediatebetween the sealed and Dutch, in which a clock counts down as in the Dutchimplementation, but in which the outcome of the auction is not revealed untilthe clock reaches the lowest price. Thus, it is functionally similar to the sealedimplementation in terms of feedback, in that the results of the auction are notknown until all choices are made. At the same time, it shares the property ofthe Dutch implementation in that it cues the bidder to make assessments atthe margin about the choice of bids. The silent implementation allows theseto be separated to some degree.We �nd that we replicate both of the standard empirical regularities. Thesubjects bid signi�cantly more than the risk-neutral Nash prediction in bothimplementations, and subjects in the sealed implementation bid more aggres-sively than in the Dutch. We also �nd that both of these results persist overthe session. There is a small downward trend in prices over the session, butprices remain well above the risk-neutral prediction even after 60 periods.The di�erences between the sealed and Dutch implementations remain. Theresults of this silent implementation fall in between the sealed and Dutch:market prices typically exceed those in the Dutch, but are less than those inthe sealed implementation.The paper is organized as follows. Section 2 describes the design of the exper-5



imental sessions. Section 3 outlines the experimental results, both at themarket and individual levels. Section 4 concludes with a discussion and futuredirections.
2 DesignEach experimental session was conducted with 1 8 subjects recruited from theundergraduate student body at Texas A&M University. The 1 8 subjects wererandomly grouped into two cohorts of 9 subjects each. Within each cohort,each period, subjects were randomly assigned to one of three markets, eachconsisting of three subjects. The sequence of private values and matchinginto markets is identical across all sessions, facilitating comparisons acrossthe implementations; the two cohorts di�er in those sequences, allowing forsome control over sequencing e�ects. The matching was done anonymously,and no subject ID numbers or other information about which subjects wereparticipating in which markets in which periods was known to the subjects. Allinteraction among the subjects was mediated via computer in the EconomicResearch Laboratory at Texas A&M.Figure 1 shows a screenshot of the subject interface presenting the results ofa period. Subjects used the rectangle on the left of the screen to interact withthe market. All decisions were made in this area, and feedback from the resultsof the period was presented in the same area. At the right of the screen is arecord sheet, which summarized the subject' s history, including their privatevalues and bids, the market prices in the markets in which they participated,and their earnings history. The subjects did not observe the results of other6



markets in which they did not participate. Since the design investigates theisomorphism between the sealed-bid and Dutch implementations, in order tokeep information constant across implementations, no information regardinghow others bid was presented, since that is not available in the Dutch imple-mentation. The record sheet by default displayed the results of the last 25periods, but scroll buttons were available for subjects to review the resultsfrom earlier in the session.In each period, subjects received a resale value for a single unit of a �ctionalcommodity drawn from the range $0. 1 5 to $6. 00 in increments of $0. 1 5; there-fore, there were 40 possible resale values. The resale values were equally likelyand drawn independently across periods and subjects. The environment waspure private values: the subject who purchased the object earned the di�erencebetween her resale value and the market price; subjects who did not purchasethe unit earned zero for the period. Ties were broken at random.Bids were constrained to $0. 1 0 increments, starting at $0. 1 0; the maximumpermitted bid was $6. 20. The bid and value spaces were chosen so that inour environment it is a symmetric Bayes-Nash equilibrium to submit a bidequal to two-thirds of the private value. This is the analog of the uniquesymmetric Bayes-Nash equilibrium of the �rst-price auction with risk-neutralbidders when values are distributed uniformly and the permitted bids are thenonnegative real numbers.We consider three implementations of the �rst-price auction. In the sealed-bidimplementation, subjects observe the realization of their private value, andsubmit a bid by clicking on the corresponding area of the market rectangle.In the Dutch implementation, a clock price was displayed, which started at7



$6. 20 and decreased by $0. 1 0 each second; once a subject clicked the buttonto purchase the object, the clock stopped for that market and the resultswere displayed to all participants in that market. The silent implementationoperates as the Dutch does, except the clock price decreases to zero in everyperiod, with no feedback regarding the outcome of the market is given untilthat time. Subjects were permitted to submit bids, or click to purchase, abovetheir resale value in all implementations.The clock speed in the Dutch and silent implementations was chosen withtwo goals in mind. First, the clock ticked slowly enough that subjects couldclick to purchase while the clock at their desired price with a high degree ofaccuracy. 1 Second, the clock speed was such that the overall length of theDutch sessions would be roughly comparable to the sealed-bid sessions.The subjects participated in 60 periods, and the length of the session wasannounced during the instructions. Three sessions of each implementation,sealed, silent, and Dutch, were conducted. No subject participated in morethan one session. Some subjects had experience in other sessions run in thelaboratory, while others did not, but none had any experience in an auctionenvironment. The instructions were read aloud from a projector screen whilesubjects followed along on their terminal screens. After the instructions werecompleted, subjects answered a questionnaire, which was checked for cor-rectness by an experimenter. Incorrect answers on the questionnaire werecorrected by pointing the subject to the correct answer in the instructions,1 . We implemented �practice� rounds during the instructions during which subjects were askedto �stop� the clock at a given price. No sub jects experienced any di�culty in doing so. Thus webelieve, at least in the vast majority of cases, that the subjects were able to register their desire tostop the clock and buy the object at the price they intended.8



although very few subjects answered any questions incorrectly on the �rst try.
3 Results3. 1 Market performanceResult 0. Prices signi�cantly exceed the risk-neutral prediction in all threeimplementations.There are 1 080 market observations for each of the three implementations( 60 periods � 6 groups � 3 sessions) . Table 1 categorizes the observed marketprices for each of the implementations depending on whether the observedprice exceeded, matched, or was less than the risk-neutral Nash prediction.For all three implementations, the market prices exceeded the risk-neutralprediction in a signi�cant majority of market periods, which replicates pre-vious results. The realized market price in the sealed implementation exceededthe risk-neutral theory price in fully 96. 6% of the market periods. In theDutch implementation, 86. 1 % of the market periods resulted in a market priceexceeding the risk-neutral prediction. The frequency with which the marketprice exceeded risk-neutral theory in the silent implementation falls in betweenat 93. 4%.
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Implementation Actual > Theory Actual = Theory Actual < TheorySealed 1 043 ( 96. 6%) 1 1 ( 1 . 0%) 26 ( 2 . 4%)Silent 1 009 ( 93. 4%) 26 ( 2 . 4%) 45 ( 4. 2%)Dutch 930 ( 86. 1 %) 33 ( 3. 1 %) 1 1 7 ( 1 0. 8%)Table 1 . Comparison of observed market prices with those predicted by risk-neutralNash equilibrium. Numbers listed are instances out of 1 080 market observationsin which the observed price exceeded, matched, or was less than the risk-neutralprediction.
The null hypothesis that the frequencies in Table 1 come from the samedistribution can be rejected. For each market, we construct a multinomialrandom variable which takes on the values +1 , 0, or -1 if the realized marketprice exceeds, equals, or is less than the theory price, and consider the nullhypothesis that the underlying frequencies of the three outcomes are iden-tical across implementations. This null hypothesis can be rejected for eachpair of implementations at the . 01 level of signi�cance. 1 This suggests thatthe three implementations can be ordered in terms of the observed prices,which is formalized in the next result.
Result 1 . Prices are higher in the sealed-b id than in the Dutch. Prices in thesilent implementation fall in between. The di�erence in prices is persistent1 . The chi-squared statistic for comparing the distribution from the sealed and silent implementa-tions is 1 1 . 72 ; for silent versus Dutch, 36 . 06 .
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throughout al l periods.The phenomenon of higher prices in the sealed implementation is persistent inthis environment, even when subjects are given the opportunity to participatein 60 market periods. Recall that the same sequence of private values andmatchings was used in each session. Thus, we can make a direct comparisonof market prices in each market j in each period k across the three imple-mentations, for a total of 360 market comparisons. The three panels of Table2 present this comparison for each pair of implementations, aggregating bywhich implementation resulted in the larger median price.Table 2 also presents the same comparisons disaggregated by the �rst andsecond halves of the sessions. There is no signi�cant alteration of the rankingsacross implementations between the halves.
Periods Sealed > Dutch Sealed = Dutch Sealed < DutchAll periods 267 ( 74. 2%) 41 ( 1 1 . 4%) 52 ( 1 4. 4%)Periods 1 -30 1 41 ( 78. 3%) 1 5 ( 8. 3%) 24 ( 1 3. 3%)Periods 31 -60 1 26 ( 70. 0%) 26 ( 1 4. 4%) 28 ( 1 5. 6%)Periods Sealed > Silent Sealed = Silent Sealed < SilentAll periods 1 89 ( 52 . 5%) 65 ( 1 8. 1 %) 1 06 ( 29. 4%)Periods 1 -30 92 ( 51 . 1 %) 37 ( 20. 6%) 51 ( 28. 3%)Periods 31 -60 97 ( 53. 9%) 28 ( 1 5. 6%) 55 ( 30. 6%)Periods Silent > Dutch Silent = Dutch Silent < DutchAll periods 225 ( 62 . 5%) 54 ( 1 5. 0%) 81 ( 22 . 5%)Periods 1 -30 1 1 6 ( 64. 4%) 22 ( 1 2 . 2%) 42 ( 23. 3%)Periods 31 -60 1 09 ( 60. 6%) 32 ( 1 7. 8%) 39 ( 21 . 7%)Table 2. Comparison of median prices among the three implementations.
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Result 2. There is evidence that prices decline slightly over the course of thesession.We ask whether, within each cohort, there is evidence of market pricesdecreasing over time. We specify a simple model relating the observed priceto the risk-neutral theory price and the period number:actuali t = � � theoryi t + � � ( theoryi t � t) + "i t ; ( 1 )where t denotes period number, i indexes the market within the cohort, and"i t is a noise term. We estimate this model for each cohort individually, andchoose to discard any observations in which the winning bid exceeds thehighest value in that market. 2 The coe�cient estimates are presented in inTable 3. In 1 6 of the 1 8 cohorts, the sign of the point estimate of � is neg-ative, as would be expected if prices tend to fall over time. In the two cohortsfor which the point estimate of � is positive, the estimate is not statisti-cally di�erent from zero. 3Of the 1 6 cohorts for which the point estimate is negative, the null hypothesisthat � = 0 can be rejected in 9 cases. In addition, the magnitude of the esti-2 . We are primarily interested in learning at the margin. While learning not to submit bids overvalue is certainly learning, we want to focus on the extent to which bidding may become lessaggressive over time. Furthermore, by throwing out these observations, we only make it moredi�cult to obtain a negative time trend estimate.3. The standard errors are corrected for heteroskedasticity using STATA' s robust standard errors.Heteroskedasticity is present in the data as there is greater variance in observed market prices inmarkets where the theory prediction is higher. 1 2



mates is small, even when statistically di�erent from zero. Estimates of � areon the order of -0. 001 , which, over the 60 periods of the session, correspondsto a decrease in the ratio of the observed market price to the theory price ofabout . 06. This still implies signi�cant overbidding relative to the risk-neutralprediction even after 60 periods.
Implementation Cohort < alpha>� � Adjusted R2sealed 20041 201 . 1 1 . 269 -0. 00026 ( 0. 638) 0. 99120041 201 . 2 1 . 284 -0. 00089 ( 0. 093) 0. 99220041 203. 1 1 . 297 -0. 001 28 ( 0. 007) 0. 99520041 203. 2 1 . 264 -0. 00090 ( 0. 1 32) 0. 99020050429. 1 1 . 284 -0. 001 00 ( 0. 048) 0. 99320050429. 2 1 . 306 -0. 00083 ( 0. 062) 0. 996silent 20050309. 1 1 . 260 -0. 001 08 ( 0. 067) 0. 98920050309. 2 1 . 289 -0. 00032 ( 0. 565) 0. 99320050331 . 1 1 . 241 -0. 001 1 1 ( 0. 039) 0. 99220050331 . 2 1 . 21 4 -0. 001 09 ( 0. 068) 0. 99020050405. 1 1 . 306 -0. 00042 ( 0. 421 ) 0. 99320050405. 2 1 . 1 87 -0. 00090 ( 0. 1 1 1 ) 0. 988Dutch 20041 202 . 1 1 . 1 57 +0. 00078 ( 0. 321 ) 0. 98620041 202 . 2 1 . 240 -0. 0001 8 ( 0. 665) 0. 99420041 206. 1 1 . 1 68 -0. 001 37 ( 0. 040) 0. 98020041 206. 2 1 . 1 43 -0. 00057 ( 0. 362) 0. 98720050407. 1 1 . 1 93 -0. 00249 ( 0. 001 ) 0. 97920050407. 2 1 . 1 80 +0. 00034 ( 0. 586) 0. 990Table 3. Estimates for the market price model ( 1 ) . Numbers in parentheses arep-values for the test of the null hypothesis �= 0 against the two-sided alternative�= 0 , with correction for heteroskedasticity.
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Result 3. All implementations obtain high levels of e�ciency, and signi�-cantly exceed the e�ciency predictions of a zero- intel ligence random biddingmodel. The Dutch implementation exhibits slightly lower e�ciencies than theother two.The e�ciency of these markets can be measured in two ways: the percentageof gains from exchange realized, and the frequency with which the highest-value bidder was allocated the object. Tables 4 and 5, respectively, presentthese measures for each of the three implementations.To obtain a useful baseline for interpreting these levels, we consider a modelof �zero-intelligence� random bidding patterned after that of Gode andSunder [ 8] for continuous-time double-auction markets, which was alsoapplied by Cason and Friedman [ 1 ] to call markets. In our environment,we operationalize this by assuming bidders choose any individually rationalbid with equal probability. Simulation results give a percentage e�ciency of89. 4% and a frequency of e�cient allocation of 64. 3% for this zero-intelligencemodel. Thus, observed e�ciencies do signi�cantly exceed those generated byrandom bidding behavior. 4Tables 4 and 5 also present the evolution of e�ciency measures over the courseof the 60 periods, aggregated into segments of 1 5 periods. Signi�cant e�ciencyimprovements are observed early in the session in all implementations, whilethe magnitude of these e�ciency di�erences across implementations decreasesubstantially. We also note that while the prices in the silent implementationfall roughly halfway between those in the sealed and Dutch implementations,the e�ciency measures of the silent implementation track the sealed imple-4. See Appendix A for more detail on zero-intelligence e�ciency predictions in �rst-price auctions.1 4



mentation closely.
Implementation Overall 1 -1 5 1 6-30 31 -45 46-60Sealed 98. 6% 98. 0% 99. 2% 98. 9% 98. 6%Silent 98. 6% 98. 0% 98. 7% 98. 9% 98. 6%Dutch 97. 7% 96. 7% 97. 8% 97. 9% 98. 3%zero-intelligence 89. 5% 89. 4% 89. 2% 89. 6% 89. 6%Table 4. Average percentage of gains from exchange realized, by implemen-tation. The row labeled zero-intelligence presents the expected gains fromexchange if all bidders chose bids randomly from their individually rationalbids, conditional on the private values used in the sessions.
Implementation Overall 1 -1 5 1 6-30 31 -45 46-60Sealed 90. 6% 88. 5% 92. 6% 91 . 9% 89. 6%Silent 90. 4% 89. 3% 89. 3% 92. 6% 90. 4%Dutch 85. 7% 79. 6% 85. 9% 88. 9% 88. 5%zero-intelligence 65. 7% 63. 3% 65. 7% 67. 5% 65. 8%Table 5. Percentage of markets where highest-value bidder purchasedobject, by implementation. The row labeled zero-intelligence presents thefrequency of e�cient allocation if all bidders chose bids randomly from theirindividually rational bids, conditional on the private values used in the ses-sions.
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3. 2 Individual performance
Result 4. In all implementations, b idders leave signi�cant amounts of earn-ings �on the tab le� due to bidding more aggressively than risk-neutral.Summary statistics for subject earnings are presented in Table 6, along withthe RNNE earnigns predictions. 5Sealed Silent Dutch TheoryMean $1 2 . 86 $1 4. 96 $1 7. 65 $30. 34Median $1 2 . 45 $1 5. 03 $1 7. 90 $29. 81Minimum $7. 25 $3. 40 $6. 70 $23. 1 0Maximum $29. 25 $30. 00 $33. 1 5 $42. 1 0N 54 54 54Table 6. Summary statistics for distribution of subject earnings, by imple-mentation. The theory column refers to the predictions of the risk-neutralNash equilibrium.By comparison, we take the risk-neutral Nash equilibrium bidding functionas an alternative heuristic which any bidder might have alternatively chosenunilaterally. Figure 2 plots the distribution of earnings foregone by biddersrelative to this benchmark. In the sealed implementation, the mean earningsloss over the session relative to this benchmark was $7. 93, with a median of$8. 1 2 . For the silent implementation, the mean and median earnings loss was$7. 38. 6 Thus, most bidders would have been signi�cantly better o� unilaterally5. The earnings totals presented are for the contingent portion of the experiment only, and do notinclude the $1 0. 00 participation fee. 1 6



using this simple, less aggressive heuristic, even holding constant aggressivebidding by other subjects.
Result 5. Bidders frequently, though not always, change bids in accordancewith a directional learning rule . Directional learning �ts the data better in theclock-based implementations.Selten and Buchta [ 1 1 ] , by using a bid function elicitation approach ina �rst-price auction, are able to test hypotheses about directional learning.A directional learning rule, applied to the �rst-price auction, implies thata bidder who wins the object would adjust his bid function at his realizedvalue downward, since he almost certainly could have won the object at alower price. Similarly, a bidder who does not win the object, but who, inretrospect, could have submitted a bid that would have won the object atpositive earnings, would adjust his bid function upwards.Although we do not directly observe bid functions, there are 26 instances ineach session in which a bidder receives the same resale value in two consecu-tive periods. For these instances, we examine whether the bidder' s behaviorbetween those periods is consistent with the directional learning hypothesis.Because independence assumptions across observations in the same session6. S ix subjects overall actually exceeded the benchmark, because ex-post their bidding behaviorhappened to be superior to the risk-neutral benchmark; of these, four played the role of participantnumber 7 in their respective sessions, including the signi�cant outlier in the sealed implementation( who earned $6 . 05, or 61 % , more than the risk-neutral benchmark would have earned) . This is afeature of the particular realization of values and matchings in the session.
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may not be appropriate, we summarize our observations.Table 7 summarizes the data on how bidders set their bids when receiving thesame value as in the previous period. A feature of Selten and Buchta' s datais that there was a great deal of inertia: more than 80 percent of the time,their subjects did not adjust their bid function in response to the outcome ofthe previous period. We observe the opposite: with a similar frequency oursubjects do change their bidding behavior.We conjecture that this result is driven by a bias in the design of Seltenand Buchta' s interface. In their design, subjects could submit the same bidfunction as the previous period with a single mouse click, but had to redrawthe entire bid function to modify any part of it. In our implementations, theamount of work to set the bid in the subsequent period is the same regardlessof whether or not the subject changes their behavior relative to the previousperiod. Similar to Selten and Buchta, we �nd that when the subjects dochange their bids, they generally do so in the direction that directional learningpredicts. Cason and Friedman [ 1 ] also investigate directional learning in adouble-auction call market, similarly �nding stronger evidence for directionallearning.The implementation may have some e�ect on the frequency with which sub-jects change their bids. In the silent implementation we observe less inertia anda greater frequency of decreasing bids after having won the previous period.A similar pattern appears in the Dutch implementation. There is a censoringbias in the Dutch auction data, since it is possible to win the auction in oneperiod, and then lose the next period because the market price increases dueto another bidder purchasing at a higher price. In these cases, it would be1 8



possible for the subject to have intended to increase his bid, but we wouldnot observe this. The row in Table 7 labeled �Dutch (worst case) � presentsthe worst case for directional learning in this implementation, by assumingthat in the 7 cases in which this occurred in the data, the bidder in fact wasintending to increase his bid. Even with this worst case scenario, the datagenerally favor the directional learning hypothesis.
After winning After losingIncrease Same Decrease Increase Same DecreaseSealed 6 ( 1 6. 7%) 1 0 ( 27. 8%) 20 ( 55. 6%) 6 ( 75. 0%) 2 ( 25. 0%) 0 ( 0. 0%)Silent 4 ( 1 1 . 4%) 5 ( 1 4. 3%) 26 ( 74. 3%) 9 ( 56. 3%) 5 ( 31 . 3%) 2 ( 1 2 . 5%)Dutch 0 ( 0. 0%) 6 ( 24. 0%) 1 9 ( 76. 0%)Dutch (worst case) 7 ( 21 . 9%) 6 ( 1 8. 8%) 1 9 ( 59. 4%)Table 7. Test of directional learning hypothesis. Numbers in parentheses are percentages.

Result 6. There is signi�cant heterogeneity in individual b idder adaptationover the course ofthe session in the sealed and silent implementations, with nooverall upward or downward trend either individually or in aggregate . Thereis weak evidence that bidders exhibit less inertia in the silent implementationthan the sealed.In parallel with the foregoing directional learning analysis, we consider cases inwhich the same subject received the same resale value in two periods. Instead1 9



of requiring the periods to be immediately subsequent, we require only thatthe two instances occured within at most 25 periods. Additionally, we requirethat the resale value was at least $3. 00. 7 Since we are interested in the overallbidding trends, we do not distinguish whether the subject won the auction inthe earlier period of the pair.The data for the 54 subjects in each of the sealed and silent treatments arerepresented in the simplices in Figure <>3. 8 Graphically, points closer to theapex of the simplex represent bidders who exhibited more inertia, that is, whomore often submitted the same bid in both periods of the pair. Points to theleft of the vertical line are bidders who, conditional on having changed theirbid, increased their bid more often than decreased it. Of the 1 8 value sequencesin the parameter set, the number of period pairs satisfying our restrictionranges from 6 to 1 4, with a mean of 1 0. 8 and a median of 1 1 . 5.In the sealed implementaiotn, we observe 23 bidders who increased their bidin the second period of the pair more often than decreased it, and 26 bidderswho decreased more often than increased, with 5 bidders equally likely to7. The cuto� of 25 periods is chosen because the subjects were shown the results of the last 25periods ( including the current period) on their record sheet without having to scroll. While we didtrack when and how often subjects made use of the scroll buttons within the software, we suspectscrolling was done just as much to �ll idle moments as to garner information, and so we do notattempt any serious interpretation of that data. We choose $3. 00 as a cuto� for the private valueto consider only cases in which the subject could reasonably be said to expect to be competitivein the auction. Adjusting or removing these cuto�s do not change the qualitative results.8. We omit analysis of the Dutch implementation for the same bias reasons as arose in the direc-tional learning analysis. Of the 585 possible period pairs matching our restriction in the parameterset, in only 268 instances did the bidder win the object in both period. Thus, the number of censoredobservations is signi�cant, rendering any useful conclusions from this data impossible.20



go either way conditional on making a change. In the silent treatment, 22bidders increased more often than decreased, and 26 decreased more oftenthan increased, with 5 bidders equally likely to adjust in either direction.Graphically, the points cluster lower in the simplex for the silent implemen-tation. This indicates that bidders overall tend to change their bids more inthe silent implementation than in the sealed implementation. This observationcan be made more precise by considering the empirical cumulative distribu-tion functions of the frequency with which bidders in each implementationkept the same bid. The distribution of this frequency across bidders in thesealed implementation �rst-order stochastically dominates that of the silentimplementation. In terms of the representation in Figure 3, this is equivalentto saying that for any line drawn horizontally across the two simplices at thesame height, there are more bidders whose points fall on or below that line inthe silent implementation graph than in the sealed implementation graph.
4 DiscussionWe replicate two empirical regularities in laboratory implementations of �rst-price auctions with private values. A sealed-bid implementation generateshigher market prices than a Dutch implementation, even though the twoare considered isomorphic in theory. Furthermore, both implementations givemarket prices in excess of those predicted by risk-neutral Bayes-Nash equi-librium.Our design extends these replications in some new directions. These dif-ferences are persistent over a session of 60 market periods. Thus, advance21



knowledge of the relatively large number of periods does not seem to encouragesubjects to recognize that bidding less aggressively is in fact ( expected) earn-ings-enhancing, nor does repetition of the auctions lead to this realization.In addition, an interface in which the magnitude of earnings is prominentlydisplayed in the feedback space does not encourage subjects to bid less aggres-sively.To investigate the failure of isomorphism, we introduce an intermediate syn-thetic implementation in which the market operates like the Dutch auctionwith a descending clock, but in which the choices of the bidders are notrevealed until the clock reaches the lowest price, simulating a sealed bid. We�nd that market prices in this implementation generally lie between thosegenerated by the Dutch and the sealed bid. We interpret this to suggest thatthe way the Dutch auction presents the tradeo� between the probability ofwinning the auction and the amount a bidder pays does help focus at leastsome subjects on considering this tradeo� more explicitly. However, the silentimplementation can be viewed as presenting this tradeo� as a hypothetical,since it is always possible that some other bidder has already submitted thewinning bid; we cannot be sure how subjects' behavior is changed due tothis hypothetical nature of the presentation. Thus, while we use the sealedimplementation as a sort of proxy for determining how individual behaviorchanges in a clock-based implementation of the �rst-price auction, we can onlyconjecture that this is how subjects would also adapt in the Dutch were weable to observe their censored, intended behavior.Subject to this caveat, we note that the clock-based implementations appearto encourage subjects to be more active in adapting their behavior over time.
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However, no clear patterns emerge from this observation: most subjects arejust about as likely to increase or decrease bids, even though in almost allcases their initial bids are too high for an expected-money maximizer.To the extent that one purpose of laboratory economics is as a testbed formechanisms that will subsequently be deployed in the �eld, one would like toknow what conditions are necessary to recover a reasonable approximation ofa theory' s predictions. In the case of Bayes-Nash equilibrium, the theory issilent on the details of the presentation of the game, insofar as the bidders areexpected to reduce the compound lottery presentation of the Dutch auctionin the same way as the menu lottery presentation of the sealed-bid. Whileon the one hand it is attractive to think of the Dutch auction as being moreexplicit in presenting to the subjects the key marginal price-versus-probabilitytradeo� central to the formulation of bids, it would be a stretch to concludethe Dutch implementation might be somehow eliciting bidding behavior fromthe subjects that more closely approximates �optimal� behavior given theirpreferences.Finally, we conclude with a few casual observations. When we distributedscreenshots of the instructions to the subjects, we instructed them that theywere �free to mark up those pages in whatever way they might �nd helpful. �While most subjects made no marks or doodled, a few chose to attempt certainforms of market analysis. A few subjects chose to track their earnings perminute, which we interpreted as further evidence that controlling the lengthof the session is a signi�cant aspect of testing the isomorphism. No subjectstracked the most relevant datum - the distribution of the market prices theyobserved - though several attempted to approximate the average market price.
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However, among those subjects, none attempted to distinguish periods inwhich they purchased the object from those in which they did not. Note thatthose market statistics, then, are generated by the maximum bid out of threebids, whereas in computing an optimal bid in a three-bidder market, thesubject is interested in the assessed distribution of the maximum bid out ofthe two other bids in the market. While we do not assert a direct link betweenthese statistics and the way those bidders formulated their bids, we note thatfailure to correct for one' s own e�ect on the history of market prices wouldalso lead to more aggressive bidding.Dorsey and Razzolini [ 7] investigate bidding behavior against robots pro-grammed to bid according to the risk-neutral Nash equilibrium in four biddersealed-bid auctions. They consider treatments in which the interface doescompute the probability of winning with any given bid, and those in which itdoes not. For high realizations of the private value, the range for which thechoice of bid is most important, they �nd that giving the subjects the proba-bility of winning makes bidding less aggressive. Our hypothesis is consistentwith their results in that when subjects generate impressions of the patternof high bids, they fail to correct for the fact they themselves are part of theprocess that generates those high bids.
Appendix A Zero-intelligence e�ciencyThe ZI e�ciency predictions we present for our environment are not signif-icantly a�ected by our discretization of the auction environment. For theenvironment used by Cox et al [ 4] , the ZI model predicts a percentage24



e�ciency of 89. 0% and a frequency of e�ciency allocation of 64. 1 %. For con-tinuous independent private values, the predictions of the ZI model are 89. 3%and 62. 9%, respectively. So, these �gures are in the same ballpark for mostenvironments which have appeared in the literature.Changing the number of bids and values in a discretization has opposite e�ectson the two e�ciency measures under the ZI model. On the one hand, per-centage e�ciency increases as one approaches the continuous limit. To see whythis happens, take two values v1 and v2 which are adjacent in a discretization,and consider a market in which the two highest realized values are v1 andv2 . If an ine�cient allocation occurs, in the ZI model the bidder with v2 ismost likely to be purchasing the object. Now, consider a re�nement of thediscretization with another value v3 between v1 and v2 . In addition to keepingall the private value realizations in the original discretization, we have ddedrealizations in which v1 and v3 are the highest realizations. Again, the mostlikely misallocation in this market under ZI is to the bidder with value v3 .Percentage-wise, this is more e�cient than the misallocation to the bidderwith v2 in the original csae.In contrast, frequency of e�cient allocation increases as the number of bidsand values possible is reduced. In the continuous limit, the probability thehighest value is shared by two or more bidders is zero. As the number ofvalues is decreased, the probability of a realization in which the highest valueis shared by two or more bidders increases; in the limit of only one value,the probability of this occurring goes to one. In such cases, allocating toany of those bidders with the highest value is e�cient. Now a lower-valuedbidder must beat two ( or more) higher-valued bidders in order for ine�cient
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allocation to occur; under ZI, this is even less likely to cocur than if the lower-valued bidder needs only to beat one higher-valued bidder.
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Fig. 1 . Screenshot of the subject interface, displaying the result of a period.
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Fig. 2. Earnings foregone by subjects in the sealed and silent implementa-tions, relative to the ex-ante baseline of bidding the risk-neutral equilibriumstrategy. Subjects are sorted in increasing order of earnings foregone.29
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