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Abstract

The London Interbank Offered Rate (Libor) is a set of vital benchmark interest rates to

which hundreds of trillions of dollars of financial contracts are tied. The rates are set each

day via a survey of large banks. In recent years, strange behavior of the rates have caused

observers to question its proper function and some to suggest overt manipulation as the cause.

Subsequent regulatory investigations have culminated in admissions of manipulation by at least

three Libor panel banks. In this paper we develop tests for manipulation based on a model

of bank submissions to the survey. Our results suggest manipulation was widespread and may

have persisted into the more recent past, somewhat at odds with the picture painted by publicly

available sources.
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1 Introduction

The London Interbank Offered Rate (Libor) is a set of benchmark interest rates, intended to reflect

the average rate at which banks can borrow unsecured funds from other banks, to which trillions

of dollars of financial contracts are explicitly tied.1 It also serves as a component in many models

used to value a wide range of assets not explicitly tied to the rate. The British Bankers Association

(BBA), the licensor of the rate, has called it "the most important number in the world." The rate

is set each day by taking the truncated average of the reported borrowing costs of a panel of large

banks. During the upheaval in financial markets that began around August 2007, the Libor began

to diverge from some of its historic relationships causing observers to question its proper functioning

and some to suggest manipulation by panel banks as the cause of the malfunction. Subsequent

research led to investigations by regulators around the world and, by July of 2012, culminated in

admissions of manipulation by Barclays, UBS, and the Royal Bank of Scotland.234

Much of the public research and discussion of Libor manipulation to date has focused on panel

bank incentives, particularly at the height of the crisis, to intentionally report interbank funding

costs below actual costs in order to burnish the markets’perception of their riskiness.5 The primary

focus of this paper is another source of manipulation incentives: Panel bank portfolio exposure to

the Libor. As revealed in the July 2012 Barclay’s admission of manipulation, released as part of

a settlement with U.S. and U.K. regulators, individual traders from that bank (and others) had

occasionally contacted colleagues responsible for quote submission to request a submission favorable

to their trading positions and these requests were often accomodated.

In this paper, we formulate tests of such portfolio driven manipulation based on a simple model

of bank quote submissions. In the model, bank profits depend on the actual fix of the rate but

they face misreporting costs that are increasing as the reported cost diverges further from the

truth. We interpret the dependence of profits on the rate itself as the bank’s (or one of a bank’s

traders) portfolio incentives and the misreporting costs as detection costs. The model predicts, in

the presence of this type of misreporting incentive, a particular form of "bunching" in the intraday

1Partially overlapping panels, administered by the Brittish Bankers’Association, determine rates in 10 different
currencies and maturities ranging from overnight to twelve months.

2An earlier version of this paper, that predates these investigations and contains additional analysis, is available
on the authors’webpage under the title "Does the Libor Reflect Bank Borrowing Costs?"??

3 In February 2012 it was announced that UBS had admitted to manipulating the Yen Libor, while Barclays has
admitted to manipulating the Dollar Libor.

4Most of these investigations are ongoing as of the writing of this draft.
5See Mollenkamp and Whitehouse’s (2008) Wall Street Journal report for an early, influential argument along

these lines.
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distribution of Libor quotes. The prediction is due to the form of the rate setting mechanism,

which takes the average of the interquartile quotes submitted by the panel banks. If a given

bank wants to change the overall Libor (as opposed to simply reporting costs) and it has a good

forecast of the location of the pivotal quotes-those quotes above or below which the quote will not

participate in the average-its own quotes will tend to bunch around these pivotal quotes. Outside

these pivotal quotes its marginal impact on the rate, and thus the marginal profit of misreporting,

goes to zero while its marginal misreporting cost increases.

In our empirical analysis, we aim to statistically distinguish "too much" bunching of a given

bank’s quotes around the pivotal quotes, relative to a plausible joint distribution of true borrowing

costs. Without much a priori information on the joint distribution of actual borrowing costs this

is challenging as different such distributions can display an arbitrarily high degree of bunching of

individual quotes around a given rank quote. To address this our testing strategy compares the

amount of bunching around pivotal quotes in the actual cross sectional distribution of quotes with

that of a plausible benchmark distribution estimated by fitting a vector autoregression model to

the vector of quotes. The primary assumption embodied by this specification is that in the long

run, bank borrowing costs should be correlated through similarities in the banks themselves. It

is natural to think, for example, that U.S. based banks should have positively correlated costs or

that all banks with large retail operations should have correlated interbank borrowing costs. The

crucial contrast here is that the benchmark distribution rules out long run relationships between a

bank’s borrowing costs and the borrowing cost of a day’s fourth, or any other, rank bank. This

exclusion is provides our source of identification.

The specific predictions of our model allow us to argue we distinguish portfolio driven incen-

tives from other sources of manipulation incentives and from generic market frictions, unrelated to

manipulation, that may cause divergence between Libor rates and other, comparable rates. In the

reputational theory of misreporting, for example, each bank should only care about the markets’

perception of its own individual quote not on the overall fix of the rate. Though these market

perceptions themselves may depend on an individual bank’s position relative to other banks, there

is no reason to think the market should condition this perception on a bank’s position relative

to the pivotal quotes specifically. The welfare and legal ramifications of Libor manipulation may

depend crucially on distinguishing these sources of misreporting incentives. While manipulation

driven by reputation concerns allow for a maintaining-stability-in-the-public-interest type justifica-

tion, portfolio related incentives allow for no such rationalization; to the extent that manipulation
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helped a bank’s bottom line they must have hurt another party’s. Distinguishing these sources

is also important in determining an appropriate policy fix of the problem. For example, one sug-

gested fix has been making individual submissions anonymous. This makes sense in the presence of

reputation related incentives, however, in the presence of trading related incentives such a change

could exacerbate the problem by decreasing detection costs.

Despite the "smoking gun" evidence of portfolio-driven manipuluation turned up in regulatory

investigations, our results are not of just academic interest. The general picture of manipulation,

painted by colorful emails discovered and testimony given, is one of the infrequent and idiosyncratic

behavior of a few traders at a few banks. Our results, by their very strength, suggest otherwise.

The nature of our tests are such that their power will depend on the prevalence of portfolio driven

manipulation. We find strong statistical evidence of the bunching pattern predicted by our model

even while taking pains to attribute the obseved variation in quotes to plausible variation in costs.

Morevover, we find evidence of manipulation in the more recent past, even as the turmoil of

financial crisis had receded somewhat. Our tests of manipulation are also able to pick up smaller

deviations than those based on no-arbitrage arguments which, by their nature, are too coarse to

detect deviations as small as 1 basis point or less.

This paper is related to a long literature that attempts to detect hidden corruption and con-

spiracies by using forensic methods based on economic models of cheating. The contexts for these

studies is diverse, ranging from sport (Wolfers 2006), to standardized testing in schools (Levitt) to

international development (Olken and Barron 2009) and politics (Ferraz and Finan 2008). Zitzewitz

(2011) surveys the broad literature on these forensic methods Harrington (2005), Porter (2005)

and Abrantes-Metz and Bajari (2010a,b) survey a long literature specifically on detecting price

fixing cartels.

Though Snider and Youle (2009) was the first academic paper to explore the implications of and

evidence for portfolio driven manipulation, there has also been some other academic work relating

to detecting manipulation of the Libor specifically. The study of Abrantes-Metz et al (2010) is the

first such work of this kind to our knowledge and preceded the original version of this paper. The

authors apply a screen for collusion developed by Abrantes-Metz, Froeb and Geweke (2006), finding

suspicious patterns. Abrantes-Metz and Villas-Boas (2010) apply a test based on Benford’s Law,

a statistical regularity in the distribution of digits in data sets, to Libor submissions and again find

highly irregular patterns.

The rest of the paper proceeds as follows: Section 2 discusses the history of the Libor, its recent
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strange behavior, and the most recent findings of regulatory investigations. Section 3 lays out

a simple model of portfolio driven manipulation and performs some numerical experiments that

motivate our tests. Section 4 examines the empirical evidence, develops tests for our theory, and

describes our results. Section 5 concludes.

2 Libor

Libor is intended to represent the rate at which banks in London offer unsecured Eurodollar de-

posits. Eurodollars are simply dollar deposits held outside the U.S. and thus outside the U.S.

regulatory and Federal Reserve system. The rates and basic rate setting process emerged in the

1980’s in response to the rise of derivatives market and the subsequent demand for standardized,

uniform Eurodollar rates to write into these contracts (Stigum and Crescenzi 2006 ch. 7). The

usage and importance of the rate grew with derivatives market and, by 2007, over $300 trillion

worth of contracts explicitly referenced it. They have also become ubiquitous benchmark rates

used for the valuation of a wide range of assets that are not explicitly tied to Libor.

In aWall Street Journal investigative piece, Mollenkamp and Whitehouse (2008) brought public

attention to the strange behavior of the rates during the financial crisis. Among other evidence,

they showed panel bank rate submissions were out of line with what one would expect from credit

default swap (CDS) spreads, essentially the premia on insuring against individual firm default risk,

of those banks. If bank dollar borrowing costs were entirely driven by default risk, these premia

should be tightly correlated with rate submissions. Indeed, in a frictionless world no arbitrage

conditions suggest a bank’s borrowing cost should be very close to the risk free rate plus that bank’s

cds spread. In Snider and Youle (2009), we document additionally, at the bank level, within bank

changes in CDS spreads have had little explanatory power in determining rate submissions or a

bank’s rank in the panel.

Further strange behavior can be seen in Libor’s divergence from similar rates. The Eurodollar

bid rate is an aggregation of actual bids by market makers in the Eurodollar market. Prior to

August 2007, the Eurodollar bid rate and Libor behaved as we might expect a bid-ask spread

to behave; Libor submissions are a bank’s perceived ask rate they would face in the Eurodollar

market. Figure 1 shows the spread between Libor and Eurodollar bid rate from January 2005 to

July 2012. Banks submitted quotes over the pre-August 2007 period ranged between 6 and 12

basis points above the Eurodollar bid rate. Around August 2007, bank quotes and the resulting
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Libor fixing fell below the Eurodollar bid rate. As shown in the figure, Libor rates remained well

below Eurodollar bid rate, 10-40 basis points, until late summer of 2011 when the spread climbed

sharply and again became positive in early 2012. Incidentally, this sharp rise in the spread toward

the end of the sample period was preceded by an announcement that UBS was cooperating with

antitrust enforcers, making the graph suggestive of cartel breakdown episodes.

Kuo, Skeie, and Vickrey (2011) compare Libor submissions with bank bids in the Federal Re-

serve Term Auction Facility (TAF) and inferred term borrowing costs derived from FedWire, the

reporting system for actual interbank transactions within the Federal Reserve system (See Kuo,

Skeie, Youle and Vickrey 2011 for a description). They find Libor submissions were 10-30 basis

points lower than the comparison rates in the immediate aftermath of the Bear Stearns and Lehman

Failures. Over other periods, however, they find that Libor rates are statistically indistinguishable

from the comparison rates.

In recent testimony to the European Parliament Economic and Monetary Affairs Committee on

Libor reform, CFTC Chairman Gary Gensler (2012) provides a thorough discussion and graphical

review of the suspicious patterns in Libor based on the logic of no-arbitrage and similar arguments.

Notable in the presentation of these results is that the anomalous behavior of Libor rates appear

to persist to the present. We omit a full rehash of all this evidence and refer the interested reader

to this testimony and the wealth of other sources now available.

The divergence of Libor rates from comparable rates and the apparent violations of no arbitrage

conditions suggest some form of malfunction in the determination of these rates. However, many

areas of financial markets have seen logical and historic relationships upset since the onset of the

financial crisis so simple malfunction does not imply the divergence is due to manipulation. Term,

unsecured interbank lending markets experienced dramatic illiquidity problems beginning with the

onset of the financial crisis and persisting to the present (Kuo, Skeie, Youle, and Vickrey 2011 ;

Afonso, Kovner, and Schoar 2010; Wheatley 2012) . Liquidity and related issues in comparison

markets, e.g. CDS markets, cast further doubt on the reliability of tests based on pre-crisis history

or models of frictionless markets. Moreover, even in the best of times, statistical tests of violations

of these logical and historic relationships are relatively coarse and unable to distinguish small

deviations that we expect the portfolio driven manipulation to create.

2.1 Investigations and Admissions
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By July of 2012, regulators around the world, spurred by the evidence discussed above, had opened

investigations into the Libor submission process of most Dollar Libor panel banks as well as banks

in various other currency panels. Most of these investigations are ongoing but in July 2012 the

CFTC, Department of Justice, and UK Financial Services Administration had announced they had

settled with Barclays over Libor manipulation. The bank agreed to pay a fine totalling over $400

million and also agreed to a public release of findings from the investigation. The findings reveal

that both reputation driven and portfolio driven incentives caused upper level bank management, in

the former case, and individual traders, in the later case to request particular quotes or a particular

direction of quotes from the bank’s Libor submitters dating back to at least 2005.

Not surprisingly, the reputation incentive appears to have been at work primarily during the

hectic depths of the financial crisis. As the subprime crisis started to heat up in the middle of

2007, Barclays relatively high Libor submissions, in conjunction with the bank’s access of the Bank

of England Emergency Lending Facility and reports of high exposure to subprime SIVs, began

receiving negative press and market reaction. On September 3 2007, Barclays quotes were 6-

9bps above the next highest submission in three Dollar tenors and near the top of the range in

most others. A Bloomberg column, published that day, entitled "Barclays Takes a Money Market

Beating", discussing the high quotes, ends with the ominous "There’s knowledge buried in the price

that Barclays is being charged in the money markets. We just don’t know what that knowledge is

yet."

In response to the negative press, senior Barclays management directed submitters to start

"keep[ing] their heads below the pararpet", to avoid a negative reaction from the markets (CFTC

Order p.19). For example

On November 29, 2007 the supervisor of the U.S. Dollar Libor submitters convened

a telephone discussion with the senior Barclays Treasury managers and the U.S. Dol-

lar Libor submitters. The supervisor said if the submitters submitted the rate for a

particular tenor at 5.50, which was the rate they believed to by the appropriate sub-

mission, Barclays would be 20 basis points above "the pack" and "it’s going to cause a

shit storm." The supervisor asked the issue be taken "upstairs" meaning that it should

be discussed among the more senior levels of Barclays management. The most senior

Barclays treasury manager agreed that he would do so. For the Libor submission, the

group decided to compromise by determining to set at the same level as another bank,
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a rate of 5.3, which was, again, not the rate the submitters believed to be appropriate

for Barclays." (Ibid. p.21)

Barclays management and treasury staff believed they were following the lead of other banks

and the market reaction, singling them out, associated with not doing so would be unjustified and

that this was leading the overall Libor to remain much lower than actual average costs. In the

same November 29 2007 discussion,

the group also discussed their belief that other banks were submitting unrealisti-

cally low rates and speculated that other banks were basing submissions on derivatives

positions...One of the senior Barclays Treasury managers called a BBA representative

and stated that he believed that Libor panel banks, including Barclays, were submit-

ting rates that were too low because they were afraid to "stick their heads above the

parapet" and that "no one will get out of the pack, the pack sort of stays low." (Ibid

p.21)

As the previous quote also indicates, those in the know suspected manipulation due to trading

incentives during the financial crisis. The CFTC order reveals such behavior predated the crisis,

going back at least to early 2005, and continued until at least into 2009.6 Unlike the misreporting

for reputation reasons, misreporting for trading reasons seems to have been initiated by individual

traders and there is no evidence it was approved by upper level management. Requests from

traders usually have come via, often casual and jocular, emails and instant messages mostly asking

for changes, both high and low, in the one and three month dollar Libor. For example, a February

1, 2006 message from a Barclays trader in New York to a trader in London read

"You need to take a look at the reset ladder. We need 3M to stay low for the next

3 sets and then I think we will be completely out of our 3M position. Then its on.

[Submitter] has to go crazy with raising 3M Libor." (Ibid. p.9)

Several communications between the traders and submitters reveal an awareness of the partic-

ulars of the rate setting process. Specifically, traders sometimes requested that submitters report

rates that would get the submission "kicked out" or "knocked out" of the panel, i.e. a quote outside

6Some accounts have Libor manipulation going as far back as the early 1990s. See Douglas Keenan’s July 26,
2012 Financial Times op-ed "My Thwarted Attempt to Tell of Libor Shenanigans."
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the interquartile range. For example, a November 22, 2005 message from a senior trader in New

York to a Trader in London,

"WE HAVE TO GET KICKED OUT OF THE FIXINGS TOMORROW!! We

need a 4.17 fix in 1m (low fix) We need a 4.41 fix in 3m." (Ibid p.9)

Several communications also reveal awareness of detection costs in the form of regulator discovery

and punishment. For example, a March 13, 2006 email exchange between a Barclay’s trader in

New York and a Libor submitter,

Trader: "The big day [has] arrived...My NYK are screaming at me about an un-

changed 3m libor. As always any help wd be greatly appreciated. What do you think

you’ll go for 3m?"

Submitter: "I am going 90 although 91 is what I should be posting."

Trader: "[...] when I retire and write a book about this business your name will be

written in golden letters[...]."

Submitter: "I would prefer this [to] not be in any book!" (UK Financial Services

Authority Final Notice p.12)

The language and frequency of requests suggests that traders believed their requests would

be routinely accommodated by rate submitters. The UK FSA analyzed around 100 email and

instant message requests uncovered by their investigation and found that rate submissions were

consistent with the requests about 70% of the time. The Barclays communications also implicated

at least four other banks, as yet unnamed, for cooperating with the requests of Barclay’s traders.

This, along with the fact that the Barclay’s investigation found evidence of many attempts to

influence submissions to the Euribor panel, a similar Euro rate with around 40 panelists so no

substantial movement could not be accomplished by a single bank, suggests that many banks must

have participated in manipulation.

3 A Simple Model of Quote Submission

We model the quote submission process as a Bayesian game between the Libor panel banks. There

are 16 banks indexed by i = 1, 2, ..., 16. Each day the banks choose their quotes qi. Bank i’s

actual borrowing cost is given by ci drawn from some joint distribution H(c1, c2, ..., c16) some part
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of which may be private information to the bank. We denote the vector of 16 quotes and costs as

q and c respectively. The Libor fix is a function of submitted quotes and is given by:

L(q) =
1

8

16∑
j=1

1
{
qj > s4, qj ≤ s12

}
qj

Where s4 is the day’s fourth highest, or left, pivotal quote and s12 is the days twelfth highest

or right pivotal quote.

Banks may have incentive to manipulate the fix because their final payoffs depend on the real-

ization of it. A bank will, however, not want to submit a quote too far from its actual cost because

doing so risks detection and punishment. Specifically we model a bank’s expected payoff by:

πi = Eq−i [viL(q)− δ

2
(qi − ci)2]

Given its information a bank chooses its quote to maximize this expected payoff. The first order

condition determining the bank’s best response is given by:

vi
8δ

∫
1
{
qi > s4(q), qi ≤ s12(q)

}
Fi(dq−i)− (qi − c i) = 0

Where Fi is bank i’s beliefs about the distribution of other quotes conditional on its information.

Letting Gi(qi) denote bank i’s equilibrium beliefs about the probability its quote participates, in

the truncated average, the equilibrium relationship between costs and quotes is:

qi = ci +
vi
8δ
Gi(qi)

When the location of the pivotal quotes are known with certainty, as in the complete information

version of the game, the G function is a step function that is one for quotes between the pivotal

quotes and zero outside. Figure 2 shows a schematic representation of how these manipulation

incentives affect the intraday distribution of quotes vis a vis the intraday distribution of costs. In

the figure four banks, e, f, h, and j, have incentive to push the rate down. All four banks equate

the marginal benefit of skewing their quote, v
8G(qi), with the marginal cost, δ(qi − ci), where v

is negative (i.e. the incentive is to push the rate down). Banks e and f’s marginal cost function

intersects the marginal benefit function at it’s discontinuity, which occurs at the fourth highest

quote, d. The quotes of e and f are thus identical to the quote of d and there is bunching at the

fourth.
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3.1 Numerical Experiments

Figure 3 shows some results of a numerical experiment and foreshadows our testing approach. In the

pictured experiment, we assume that there are 12 banks, named bank 1-bank12, that occasionally

attempt to manipulate the rate. Banks 13-16 never attempt to manipulate the rate. Underlying

bank costs are drawn from a normal distribution with mean 1 and covariance matrix set to match

the empirical covariance matrix of Libor quotes less the daily mean quote over the period January

2005 to July 2012. The strength of manipulation in each period, vit8δ , are i.i.d draws from a mixture

distribution with 4/5 probability of no manipulation, i.e. vit
8δ = 0 for all banks, and 1/5 probability

that each of the 12 manipulating banks have incentives drawn uniform on [−1/24, 0]. For each

of 10000 runs of the model, we calculate equilibrium quotes for the static, complete information

game.7

The top panel of figure 3 shows the distribution of quotes of manipulator bank 1 less the day’s

fourth highest among the 15 other banks (blue bars). Also shown is the distribution of bank 1’s

actual costs minus the fourth highest actual cost among the 15 other banks (white bars) and the

distribution of simulated quotes less the simulated fourth highest actual cost of the 15 other banks

(red bars), where the quotes are simulated from a fitted multivariate normal distribution. The

bottom panel of figure 3 shows the same distributions for the non-manipulating bank 16. The

pooled empirical distribution of bank 1’s normalized quotes displays a large discontinuity at 0

relative to the pooled distribution of bank 16’s normalized quotes and the simulated distribution.

In our empirical analysis our testing procedure is guided by these experiments with the model.

Namely, we test whether the pooled distribution of actual, normalized quotes has more mass around

0 than that of a reference distribution. We also test for the presence of a discontinuity at 0 in the

distribution of normalized quotes relative to a reference distribution.

A priori, it is likely our tests will be prone to power and size issues. Clearly power will be

affected by not only sample size but also by the strength of manipulation incentives since these

will affect how frequently the optimal misreported quote will be identical to one of the pivots.

Type I errors are also an issue because whenever a non-manipulating bank receives a cost draw

that puts it in a pivotal position, manipulating banks will push their own quotes toward the non-

manipulator causing the non-manipulator’s normalized quote to, itself, be close to 0. Intuitively,

7There are, in general, multiple equilibria for a given vector of costs. For these experiments we focus on the
maximally distored equilibrium, the equilbrium with the largest average difference between costs and quotes. In an
earlier version we showed that all complete information equilibria display the same type of bunching we focus on
here.
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even if we were willing to assume the cost distribution was perfectly smooth and exact ties a zero

probability occurrence, in observing two banks tied at the fourth highest we would not be able to

say which bank was manipulating or if both were. We explore these issues by performing a series

of monte carlo experiments, mimicking our empirical tests, on simulated data generated by our

simple model.

Table 1 shows the results of these experiments. Each entry in the table reports a summary

statistic for the distribution of one sided t-test p-values obtained from simulating the model 1000

times for each associated parameterization. The columns in the table show the different hypotheses

tested. The "Below" represents the hypothesis that the number of actual quotes, normalized by

subtracting the day’s fourth highest quote, falling in the bin 1 basis point below the fourth highest

([−.01, 0)) is less then the simulated number of normalized quotes falling into this bin. The "Above"

column represents the hypothesis that the number of normalized actual quotes falling in the bin

1bp above the fourth highest is greater than the simulated number. The "Diff" column represents

the hypothesis that the difference in the number of actual normalized quotes falling above and

below is greater than the difference in the number of simulated normalized quotes. The rows in

the table report the average p-value, fraction of tests rejected at the 5% level, and the fraction of

tests rejected at the 1% level and these are shown for a manipulator (Bank 1) and non-manipulator

(Bank 16) for each of the parameterizations.

For each, simulation we maintain the assumption that there are 12 potential manipulators and

bank costs are drawn from a joint normal distribution with mean 1 and covariance matrix equal

to the empirical covariance matrix of 3 month Libor quotes less the daily mean quote.8 Across

experiments we vary the sample size and two parameters controlling the frequency of manipulation

and the strength of manipulation incentives. The "Fraction of manipulating days" parameter

determines the fraction of days on which there is potentially any manipulation so a parameter

value of .33 means that on 2/3 of days no banks have any manipulation incentives ( vi8δ = 0,∀i).

On days in which manipulation is possible the strength of manipulation incentives are determined

by the "Distribution of Incentives" parameter. On these days each of the 12 banks receives an

incentive, vi8δ , drawn iid across banks and days, from a mixture distribution with a 50% probability

8Assuming that fewer banks are potential manipulators makes it easier to distiguish the manipulator from the
non-manipulator since there are more cost events that lead to a non-manipulator being bunched at the lower pivot.
For example, with only one manipulator a non-manipulating bank will only be bunched at the lower pivot in the event
that the non-manipulator receives the fourth highest cost draw and the cost and incentives draw of the manipulator
causes it to misreport at the same level as the non-manipulator.
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of getting a 0 draw and 50% probability of getting a draw from the uniform [−x, 0] distribution,

where x is either 1/8, 1/24, or 1/40.

A first observation about the table is that each of the tests, evidently, allow us to distinguish

the manipulating bank from the non-manipulator. On average, the distribution of manipulator

quotes will have less mass, relative to the comparison distribution, just below the pivotal quote. A

manipulator will also have more mass just above and a greater difference in the mass just above and

just below. The "Above" and "Diff" tests appear to do a much better job both of identifying the

manipulator and distinguishing the manipulator from the non-manipulator than does the "Below"

test. However, unlike the former two the apparent ability of the "Below" test to contrast the two

types improves, in the sense that the probability of incorrectly rejecting the null decreases for the

manipulator while the probability of correctly rejecting the null for the manipulator improves for

the "Below" test, whereas the other two tests increase the probability of correctly rejecting for the

manipulator but also increase the probability of incorrectly rejecting for the non-manipulator.

Since our cost parameterization comes directly from the data, the table is also informative about

the relationship between test statistics and the underlying frequency and intensity of manipulation.

When manipulation is less frequent and/or incentives are weaker, the tests in summarized in the

table have low power, only rejecting the null of no manipulation at the 5% level in 50-60% of those

samples with 150 or 250 observations for the bottom rows of the table where the frequency and

strength of manipulation is lowest. The simulated libor in this scenario is, on average .22 bp lower

than what would prevail with honest reporting. By contrast, in the parameterization in the top rows

of the table, where the null is correctly rejected for a manipulating bank at the 5% level 97-100% of

the time, the average realized libor is .83 bp lower than what would prevail with honest reporting.

These magnitudes suggest two things. First, our tests are able to detect deviations that are

relatively small, when compared to day to day changes in quotes for instance, on average. Second,

they suggest a ballpark lower bound on the frequency and intensity of manipulation incentives that

we might infer from the strong rejection evidence we find our empirical analysis.

4 Data and Empirical Evidence

Our empirical analysis utilizes only data on bank rate submissions. The quotes of each panel

bank on every business day from January 1, 2005 to July 1, 2012 were collected from a Bloomberg

terminal. We focus on 3 month Dollar Libor submissions over the period ending February 1, 2011
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when the panel increased to 21 members. From January 1, 2005 to February 1, 2011 the panel

consisted the same 16 members with the exception of one change occurring in February 2009 when

Societe General replaced HBOS following the absorption of HBOS by Lloyd’s. Motivated by a

visual examination of the Eurodollar bid rate-Libor spread shown in Figure 1 we split the sample

up into 6 periods and perform our analysis on the full sample as well as on each period individually.

Table 2 shows some summary statistics for this sample over the various periods. On average,

quotes are tightly clustered with an interquartile range of deviations from the median quote ranging

from one basis point below to two basis points below. Similarly the interquartile range, the

difference between the upper and lower pivotal quotes is quite narrow. Overall, the average size

of the range is 7.9 bps, though there is a good deal of variation across our periods, with the range

varying from 3.4 bps in the first year and a half of the sample to 48bps in the period containing the

Lehman failure. Also notable is that, while the ranking of banks in the panel tends to be persistent,

there is still considerable variation in relative ranks over time with the daily standard deviation of

a bank’s rank from its average rank at 4.39. Moreover, nearly all banks occupy almost all ranks

over a suffi ciently long horizon. Significant variation in these relative quotes will be important for

our testing strategy below.

As noted by Gensler (2012), one of the puzzling features of bank quote behavior is the lack of day

to day movement in the submissions. Across all periods and all banks, over 40% of observations

show no change from the previous day’s quote in spite of significant day to day changes in related

rates. An interesting regime change seems to appear in the last 15 months of the summarized

sample the number of such zeros jumps to 62% of observations. The lack of comovement of quotes

with underlying "cost drivers" (as well as the lack of much movement at all) is the logic behind the

collusion tests examined in Abrates Metz et. al (2012).

4.1 Empirical Approach

Our model predicts that when banks have direct incentive to manipulate rates, as opposed to

misreporting for other reasons, e.g. reputation, their quotes will bunch around the pivotal quotes.

Without placing restrictions on the joint distribution of bank quotes over time, obviously any

distribution of quotes can be rationalized as truthful by some joint distribution of underlying costs.

However, since different distributions will naturally display different degrees of bunching around

the twelfth and fourth order statistics, any test will be sensitive to these restrictions. In trying
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to balance these trade-offs, we start by assuming latent underlying borrowing costs follow a vector

autoregressive process.

ct = β0 +
∑

Γτ ct−τ + εt

Where εt ∼ N(0,Σ).The VAR specification is a reasonably flexible way to describe time series

relationships, however, there are two main restrictions embodied by this assumption. First, we

assume that, in the long run, bank borrowing costs are correlated through similarities in the banks

themselves. It is natural to think, for example, that U.S. based banks should have positively corre-

lated costs or that all banks with large retail operations should be correlated. The crucial contrast

here is that we rule out long run relationships between a bank’s borrowing costs and the borrowing

cost of the fourth, or any other, rank bank. Second, is the assumptions that innovations are joint

normally distributed. While the parametric restriction is necessary given the high dimension of

the vector process, it is also undesirable. In the implementation of our tests, this is not directly

an issue since, as discussed below, we work with fitted quotes.

Under a null of truthful reporting we can estimate this process using observed quotes. Due to

cointegration and the high dimension of the vector process our preferred specification is a two lag,

rank two, vector error correction model.

∆qt = Πqt +
∑

Λτ∆qt−τ + εt

With these estimates at hand we can examine how differences in the fitted or simulated versus

actual distribution of quotes support our theory of manipulation (as opposed to simple misspec-

ification of the cost process). Essentially, our testing strategy is to look for statistically and

economically significant differences in the distribution of prediction errors conditional on the po-

sition of pivotal quotes. Economically significant, here, means consistent with our model, which

predicts a particular form of bunching and not others that might predict clustering of quotes to-

gether9. Identification comes from transitory changes in the relative bank ranks driven by actual

idiosyncratic cost shocks or changes in misreporting incentives. For example, suppose JP Morgan

and Citigroup are on average the fourth and fifth ranked banks and their quotes are highly corre-

lated. If neither bank faces idiosyncratic shocks that drive them up or down in relative rank then,

9Banks may cluster together if they all have incentives to simply not stick their "heads above the parapet" as
ordered by one Barclays executive in reference to the bank’s rate submission.
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in the intraday distribution of quotes, both banks will be bunched at the fourth highest. The fitted

model would reflect this and the fitted and simulated quotes of the two banks will also be bunched.

If, on the other hand, occasional shocks shuffl e JP Morgan out of the fourth rank and Citigroup’s

submissions continue to bunch with the new occupant of the fourth spot, this will lead to bunching

in the actual distribution but not the fitted and simulated distributions.

It is important to note that, if manipulation is present, our model will be contaminated even

if our cost specification is correct. Thus, if the null of truthful reporting is false our comparison

distribution should be expected to, itself, bunch more around the pivotal quotes than the actual

cost distribution as in figure 3. How much more will depend on the degree of contamination;

how many and how often banks are manipulating. Even if banks are constantly manipulating,

however, the contaminated model will not display the predicted discontinuity in the distribution at

the pivotal quotes. For this reason, we focus most of our attention on this discontinuity.

4.2 Results

Figure 4 (Figure 5) shows the pooled distribution of quotes of all banks normalized by subtracting

the fourth (12th) highest quote of the 15 other bank quotes over various time periods. The bottom

half of each panel show the fitted versions of the same normalized quotes.10We use fitted quotes

for our comparison distribution rather than simulating innovations and adding them to the fitted

quotes because we worry about non-normality of the quotes. In particular, the large number of

no-change observations suggests that the fitted quotes may be a better choice. We have performed

the same analysis using simulated quotes as well and it only strengthens the results.

A couple of features of these figures stand out. First, to a striking degree the distributions

resemble the shape predicted by our model for both the upper and lower pivot normalizations.

Second, the distribution of normalized fitted quotes also displays a good deal of bunching around

the pivotal quotes, demonstrating the importance of developing our benchmark comparison dis-

tribution. To statistically verify this graphical story we implement some simple statistical tests,

motivated by the numerical experiments with the model. Namely, we test for a discontinuity at the

pivotal quote. A natural approach for such a discontinuity test is suggested by McCrary (2008).

Unfortunately rounding of quotes combined with the small scale make the required smoothing im-

possible so instead we simply compare the histogram bin size of a small interval, [0, b) ((0, b]), above

10That is, for each bank, we subtract the fourth (12th) highest of the 15 other fitted quotes from its own fitted
quote.
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the quote minus the fourth (twelfth) highest to the bin size of a small interval, [−b, 0) ((−b, 0]),

below the quote minus the fourth (twelfth) highest. Since 65% of quotes are rounded to the nearest

basis point, an additional 25% are rounded to the half basis point, and most of the rest are rounded

to the quarter basis point, our preferred window size is one basis point (b = .01) but we report

many of our results for the half (b = .005) and two (b = .02) basis point levels as well. Potentially

incomplete information

Tables 3a-b show the results of our bunching tests for all banks pooled together at various window

widths.11 The table confirms the graphical evidence. For almost all periods and window widths

each of our three bunching tests are significant at the 1% level for the lower pivot normalization.

The only exception is in the final period from October 2009 to January 2011 with 1bp window width.

Here, the probability of a normalized quote falling in the bin just below zero is almost identical

for the fitted and actual distributions. The "Above" and "Diff" tests are both highly significant,

however. The prevalence of zero-change days, no doubt, contributes to an overall similarity in

the fitted (zero innovation vector) and actual quotes. That this weakens our bunching results

presents an interesting counterpoint to the argument that lack of quote variability is evidence of

manipulation.

For the whole basis point windows, notably, the total mass in the windows around zero are

similar for the fitted and actual distributions. Examining the data a bit more closely shows why

this is the case. A huge fraction of quotes predicted to fall into the bin just below (just above

in the case of the upper pivotal quote normalization) zero, fall into the just above (just below)

bin. This demonstrates the mechanics of our tests using the possibly contaminated estimates as

a benchmark distribution. If the comparison distribution were the actual distribution of costs we

would expect to see quotes moving from bins further above (below) the pivots to bins closer to the

pivots. Our tests are instead exploiting the change in the shape of the distributions at the pivotal

quotes. Table 3c-d delve into the tests with two way tables showing the joint distribution of fitted

and actual normalized quotes pooled over all banks and periods. In the analysis of individual

banks, almost all bank-periods that fail our test have this same pattern.

Tables 4a-b show the same results at the bank level.12 Here a more nuanced and informative

picture emerges. In the pre-Lehman failure periods almost all banks fail our manipulation tests

resoundingly. In the post Lehman periods bunching at the individual bank level is less clear. In

11Bank level histograms are available on the authors’website. "The Fix is In: Additional Figures"
12Bank level histograms are available in an online appedix available at the author’s website.
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the September 2008-January 2009 period immediately following Lehman’s failure seven banks fail

the lower pivot normalization "Diff" test at the 5% level and three of these, Barclays, Royal Bank

of Scotland (RBS), and Royal Bank of Canada (RBC), fail all three. With only 84 observations,

small sample size could account for this relatively small number as a couple of other banks, Bank of

Tokyo and JP Morgan, have substantial mass of quotes around 0 and the distribution qualitatively

fits the bunching pattern. On the other hand, Norinchukin fails the "Diff" test at the 1% level

on the strength of it’s failure of the "Below" test. Looking closely at the data here this failure is

accounted for by four observations that were predicted to fall in the [-.01,0) bin fell instead in the

[-.02,.01) bin. For the upper pivot normalization, four banks fail the "Diff" test. Of these, only

Deutsche Bank and Rabobank, fail an additional test and Deutsche Bank has only a handful of

observation that fall in the neighborhood of 0.

In the February 2009 - October 2011 period four banks, Barclays, CSFB, RBS, and RBC, fail

the lower pivot normalization, "Diff" test and the later three fail all three tests. JP Morgan’s dis-

tribution of normalized quotes has significant mass around zero and qualitatively fits our bunching

pattern but the "Upper" test is insignificant at conventional levels. Bank of Tokyo,while failing the

"Above" test, does not fail the "Below" and "Diff" test. Closer examination of the data reveals

that the additional mass in the bin below zero correspond to predicted quotes in the [-.02,.01)

bin. Generally Bank of Tokyo’s observed quotes corresponding to predicted quotes below zero

are pushed toward 0 from below. This pattern is suggestive of a model where Bank of Tokyo has

less than complete information about the location of the lower pivotal quote. The upper pivot

normalization tests show two banks that fail the "diff" test and the 5% level, Lloyds and West LB,

neither of these have significant mass around zero. Bank of America just misses significance at the

5% level and its quote distribution fits the typical pattern of a test failure.

Five banks fail the lower pivot normalization "diff" test at the 5% level in the October 2009-

January 2011 period and, of these, three, Bank of Tokyo, CSFB, and Rabobank, fail all three tests.

Absent from the list of banks failing the tests in these periods is RBS, which had failed all tests

in each preceding period. This is notable because of reports that RBS made significant changes

in its compliance protocols taking effect in the fall of 2009. While Citigroup fails each test, it

only has a small fraction of normalized quotes in the neighborhood of zero. On the other hand,

Deutsche Bank and HSBC do not fail the tests because they have more mass in the "Below" bin

than is predicted. Looking at the joint distribution of fitted versus actual quotes reveals that

this is due to the fact that actual normalized quotes bunch toward zero from below relative to the
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fitted quotes. Again, this could be consistent with these banks having worse information about

the location of the pivotal quote.

4.3 Later Periods

In February of 2011, four new banks were added to the Libor panel bringing the total up to 20. In

calculating the day’s Libor, BBA continued to remove the top and bottom four quotes, averaging

the middle 16 until August of 2011. At that point, WestLB was removed from the panel and

the day’s Libor was then calculated as the average of the middle nine quotes, discarding the top

and bottom five. Then, in mid-December 2011 Bank of Nova Scotia, one of the banks added in

February 2011, left the panel and the calculation methodology reverted to averaging the middle 10

quotes, discarding the top and bottom 4.

Tables 5a-b show the results of the all bank bunching test for these later periods. Table 5a

shows the bunching results for a 1bp window for quotes normalized by the fourth highest and for

quotes normalized by the fifth highest of the other banks. The side by side comparison can be

viewed as a placebo test. In the period Feb 2011 - Aug 2011, the "Above" and "Diff" tests are

significant at the 1% level for the fourth highest normalization. Three individual banks fail tests

at the 2% level, among these RBS fails all three at the 1% level. Quotes normalized by the fifth

highest also display the characteristic bunching pattern-the fourth and fifth highest quotes overall

are themselves separated by at most 1bp over this period-but none of the tests are significant as

the predicted distribution also displays the pattern and has more total mass around 0. JP Morgan

and RBS fail the "Above" and "Diff" tests at the 5% level using these normalized quotes.

The placebo tends to not support our approach in the period Sept. 2011-Dec. 2011. The

"Below" and "Diff" tests are significant at the 1% level using quotes normalized by the fourth

highest, while the quotes normalized by the fifth highest do not even qualitatively display the

bunching pattern. All quotes in this period are ascending rapidly. All banks’quotes, with the

exception of HSBC, increase 20-30bp over the three month period. The overall fifth and fourth

highest quotes also diverge sharply, which is unusual at any point in the sample, with the gap

widening to up to 5bp in Nov 2011. Here the banks split into 2 groups, with the highest 15

quotes climbing much more rapidly than the bottom four, all European, banks. In the period

Jan.-July 2012, the intraday distribution becomes widely dispersed and banks make very few day

to day changes in their quotes. Neither set of normalized quotes display the bunching pattern even
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qualitatively.

Table 5b shows the bunching results for a 1bp window for quotes normalized by the upper pivotal

quote and for quotes normalized by the twelfth highest. In the period Feb.-Aug. 2011, both sets of

normalized quotes display the qualitative bunching pattern, however, neither is significantly rejected

for any of the tests. One observation worth pointing out is that the fitted distribution predicts

more total mass around the twelfth highest than the actual distribution but less mass around the

sixteenth highest than the actual distribution. In the period Sep.2011- Dec 2011, the "Below" and

"Diff" tests are significant at the 5% level for quotes normalized by the upper pivotal quote and

each are insignificant for the quotes normalized by the twelfth highest. At the individual bank

level these tests are driven by CSFB, Norinchukin, and SMBC which display the typical bunching

pattern, though at marginal significance levels. In the final 6 month period, there is, again, no

evidence of bunching overall or for any individual banks.

4.4 Other Tenors and Yen Libor

So far we have focused on 3M dollar Libor submissions. We do this because the 3M dollar is the

most important tenor and currency in terms of financial contracting making it the most likely to be

the target of manipulation. For example, according to DealLogic, about 53% of swaps and floating

rate notes use the 3M Dollar Libor as the reference rate, whereas less than one half of one percent

of these contracts use the 6M dollar as the reference rate. The 3M and 6M yen Libor account for

around 4% and 24% of the reference rates used in these contracts, respectively.

Table 6a-b show the results of the bunching tests for all banks 6M dollar Libor quotes. The

patterns shown here are roughly similar to those in tables 4a-b. Looking at the 1bp window for the

lower pivot normalized quotes, the only difference here is that we fail to reject for all tests for the

final 15 months of the main sample. For the upper pivot normalized quotes, the same qualitative

pattern holds as compared with the 3M counterpart. The only difference being that in the Feb.

2009 - Sept 2009 period the 6M tests are not even marginally significant.

Tables 6c-d show the bunching tests at the level of individual banks and again tell a more

interesting story. For lower pivot normalized quotes, none of the bunching tests are violated by

individual banks in the last two periods of the main sample, stretching from Feb. 2009 to Jan.

2011. Perhaps more interesting is the fact that some of the banks that most consistently fail the

bunching tests in the 3M dollar data, do much better in the 6M dollar sample. Barclays, which
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fails at least two of the tests in each of the periods in the 3M data, fails none of the tests at the 5%

level and only the all periods "Diff" test at the 10% level. Similarly CSFB, which fails at least two

tests for the lower pivot normalized quotes in all but the period immediately following the Lehman

failure (when they fail the tests in the upper pivot normalization), fails only 2 tests in the second

period in the 6M data. One might worry that the window is too narrow given the higher overall

variance, both intraday and over time, in the 6M quotes, however, expanding the window size to

2bp, if anything, only weakens the tests.

For the upper pivot normalization, the results are similarly weaker in the 6M data than in the

3M. None of the tests reject at even the 10% level for the final two periods of the sample. Eight

of the banks fail the "diff" test in the 6M data for all periods pooled compared to ten in the 3M

data and, of these, only two fail all three tests in the 6M data for all periods compared with four

in the 3M all periods data. On the other hand, the two banks that fail all three tests in the 6M

data, RBS and JP Morgan, Do not fail the "Diff" test in the 3M.

Tables 7a-b show the results of bunching tests for all banks 3M Yen Libor quotes. Looking at

the 1bp window for quotes normalized by the fourth highest in table 7a, the "Diff" test rejects at

the 1% level for periods except the two periods spanning from September 2008 to September 2009.

For the quotes normalized by the twelfth highest, the most notable difference between the Dollar

and Yen results is that in the final period the Yen data shows strong bunching, while the Dollar

data shows no significant bunching. Tables 8a-b show the Yen results at the bank level and, as

can be seen in table 8b, the strong bunching pattern in the final period of the Yen data is driven

mainly by four banks, Deutsche Bank, JP Morgan, Mizuho, and RBS.

Table 9 summarizes our testing results across three tenors, 3M, 6M, and 12M for both the

dollar and yen data. The only real discernible pattern in this table is that bunching is widespread

and strong in the pre-Lehman failure periods and then its prevalence declines, though it does not

disappear, in the periods immediately following the failure. Bunching appears to pick back up

slightly in the final 15 months of the sample. On the whole, it also seems that, on average, Dollar

bunching is more likely to occur at the fourth highest relative to the Yen. Otherwise there is no

obvious pattern of correlation in the direction or magnitude of bunching. The flip side of this is

that the lack of obvious pattern is there is not any clear systematic, non-manipulation, explanation

for the test results. For example, in looking at the 6M dollar results versus the 3M dollar results,

one might think that bunching is simply an artifact of the low degree of dispersion in the 3M data.

Looking at the 12M results, however, indicate this is not the case as some bank-period observations
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that display no bunching in the 6M show strong bunching in the 12M.

4.5 The Timing of Bunching and Collusion

Reports from ongoing Libor investigations and media coverage have indicated likely collusion among

panel banks in manipulating rates. The basic implications, in terms of the shape of the intraday

distribution of quotes, from our model are unchanged in the presence of collusion. When banks

collude, however, the scope for manipulation is much greater and thus has serious implications

for the magnitude of manipulation and resultant welfare effects. When a bank acts unilaterally,

their ability to distort the rate down, relative to the rate that would prevail from honest reporting,

is bounded by 1/8 times the difference between its true cost and its submission. At the other

extreme, five or more banks acting in concert move the rate as far as they desired, though in a

collusive equilibrium of our model they will not choose to do so due to the convex misreporting

costs. To explore collusion in light of our model we simply extend our bunching tests to look at

the correlation between banks of bunching behavior over time. We leave a fuller development of

tests for collusion to future work.

Figure shows the smoothed average actual number of firms quoting one basis point above (blue)

the normalizing quote (fourth highest for the top panel and twelfth highest for the bottom panel)

and the actual number quoting one basis point below for the 3M Dollar data. The vaguely

sawtoothed pattern in the figure is suggestive of what we think of as the primary source of portfolio

exposure-related incentives, namely trader derivatives positions. For example, the final settlement

price of expiring three month CME Eurodollar Futures are 100 minus the three month Libor on

the second London bank business day immediately preceding the third Wednesday of the contract’s

delivery month. So, if a trader had a long position in 3M dollar futures, there would be an incentive

for him to try to influence the rate submitter to push the rate down and improve the position just

prior to expiration.

Figures show the same pictures for 6M Dollar and 3M and 6M Yen data. These figures quali-

tatively support the picture presented so far. The most striking feature is the large change in the

number of banks in the below window in the final period in the Yen data, in particular for the 6M

data. The qualitative patterns across tenors within each currency appear similar. Perhaps most

striking is the jump in the size of the spikes in the last period of the Yen data. When compared

with the summary table 8, where only a few banks strongly fail the test, this may be suggestive
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of collusion; Only a few banks are bunching so they must be doing so on the same days to get the

large spikes.

Figures shows the results of redoing our main bunching analysis using a rolling window rather

than pooling within discrete periods for 3M and 6M tenors for both the Dollar and Yen data.

Specifically we calculate kernel smoothed frequency of quotes falling into either the 1bp above the

pivot or 1bp below the pivot

Y a,4
i,t =

T∑
τ=1

K( t−τh )1{0 ≤ qit − s4 < b}

T∑
τ=1

K( t−τh )

Y b,4
i,t =

T∑
τ=1

K( t−τh )1{−b ≤ qit − s4 < 0}

T∑
τ=1

K( t−τh )

Where we use a simple, triangular kernel with 10 day bandwidth for K. We calculate the

corresponding smoothed measure for quotes normalized by the twelfth highest quote and compare

these with the fitted versions of the same.

Figures sThere is no obviously strong pattern of correlation in bunching behavior in these mea-

sures between banks, though visually there appears to be a loose correlation in the timing of

bunching episodes across all banks. The graphs also support the general observation that bunch-

ing declines in the periods immediately following the failure of Lehman Brothers and the depths of

the financial crisis, incidentally the time when it is most likely that reputation driven manipulation

was occurring. This is especially true of the Dollar upward manipulation tests.

The picture painted here generally corroborates the discussion above. While there appears to

be some correlation across banks in their bunching behavior, the correlations are as consistent with

the existence of common underlying drivers of manipulation, as in the example of future positions,

as they are with an explicit conspiracy. Moreover, since different sets of banks appear to be pushing

in opposite directions at the same time and these sets don’t appear to be stable, the evidence is

not suggestive of any specific set of banks participating in a grand cartel. In general, the data

appear consistent with uncoordinated episodic manipulation, which may have involved occasional

cooperation among multiple banks.
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5 Conclusion

Over the past 30 years most corners of financial markets have come to rely on Libor as an essential

gauge of the health of money markets and the direct and indirect implications thereof. Such heavy

dependence has made the recent revelations of widespread manipulation of these rates shocking to

the point of crisis. Concerns about manipulation were originally focused on the most tumultuous

period of the financial crisis, when, it was suggested, banks may have been understating their

borrowing costs in order to avoid negative market (over)reaction. While such a suggestion was

disconcerting, market observers could take solace in the fact that the problems with the rate were

confined to times when nothing seemed to be working properly and in the fact that misreporting

banks may have been doing a public service by helping avoid further panic. Recently, however,

investigations by regulators have uncovered evidence of manipulation driven by bank trading posi-

tions with exposure to Libor.

In this paper we have developed tests for portfolio driven manipulation based on a model of

Libor panel bank survey submissions. The model predicts that the intraday distribution of panel

bank quotes will bunch around the fourth (twelfth) highest quote in the presence of incentives to

push the rate down (up). Our simple tests are designed to deal with a couple of the most important

empirical challenges presented by the submissions data and alternative indicators of manipulation.

Since we do not have a strong prior on the form of the joint distribution of interbank borrowing

costs, we develop a flexible benchmark distribution with which to compare

Going to the data, we find strong evidence of the type of bunching predicted by our model.

Concerns about false negatives and false positives associated with our tests notwithstanding, the

bunching evidence is especially strong in the early periods of our sample, with almost every bank

individually failing our bunching tests at a very high level of significance. Aspects of our findings

are consistent with accounts of collusive behavior, however, they are also consistent with common

underlying sources of manipulation incentives such as futures reset dates. Also, consistent with

publicly available accounts of manipulation, our evidence suggests that coordination between par-

ticular banks was on an episode by episode basis as opposed to a more centralized, overarching

conspiracy.

One limitation of our analysis is that it requires pooling of quotes over time, making pinpointing

specific, suspicious observations diffi cult. However, we are able to perform our tests at the bank

level and at more coarse time breakdown enabling the tests to inform a coherent narrative. Another
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limitation of our study is that we have not done much to quantify the degree of manipulation. The

best we can offer is evidence from numerical simulations of our model. Viewed as back of the

envelope calculations, these results suggest test rejections at the level we observe, indicate frequent

manipulation and strong incentives with an average deviation of observed Libor rates from actual

rates over .5bp, which amounts to over a trillion dollars of contract mispricing on aggregate.

Our analysis has several implications for the effective reform of Libor, several of which have

already been adopted by the Wheatly commission. One of these is the desirability of putting

more banks on the panel. As the number of banks increases, the influence of any one bank on

the overall rate diminishes and thus so do the incentives for misreporting. Our model also suggest

increased regulatory oversight and audited submission rules would also be desirable as these increase

misreporting costs. The Wheatly Commission opted not to adopt the change, suggested by some,

to make submissions anonymous instead embargoing quote data for 60 days after submission. Our

results suggest this is likely a sensible middle ground. Total anonymity might decrease misreporting

costs for panel banks. On the other hand, total visibility increases the likelihood of tacit collusion.
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Distribution of Incentives Fraction of "Manipulating" Days Bank Below Above  Diff Below  Above  Diff Below Above  Diff
U[‐1/8,0] 0.5 Bank 1 (manipulator) mean p‐value 0.26 1.00 0.99 0.20 1.00 1.00 0.13 1.00 1.00

5% Significance 0.40 0.99 0.97 0.45 1.00 1.00 0.60 1.00 1.00
1% Significance 0.27 0.95 0.90 0.28 1.00 0.98 0.46 1.00 1.00

Bank 16 (non‐manipulator) mean p‐value 0.49 0.77 0.71 0.53 0.80 0.72 0.51 0.88 0.80
5% Significance 0.16 0.35 0.30 0.10 0.44 0.33 0.11 0.59 0.46
1% Significance 0.08 0.14 0.15 0.05 0.24 0.17 0.05 0.38 0.27

0.33 Bank 1 (manipulator) mean p‐value 0.36 0.98 0.95 0.31 1.00 0.99 0.26 1.00 1.00
5% Significance 0.27 0.91 0.82 0.28 0.97 0.94 0.36 1.00 1.00
1% Significance 0.16 0.77 0.66 0.16 0.92 0.84 0.21 1.00 0.99

Bank 16 (non‐manipulator) mean p‐value 0.53 0.68 0.61 0.54 0.75 0.66 0.56 0.83 0.73
5% Significance 0.12 0.26 0.23 0.11 0.34 0.23 0.10 0.46 0.32
1% Significance 0.07 0.10 0.10 0.05 0.15 0.12 0.04 0.26 0.15

U[‐1/24,0] 0.5 Bank 1 (manipulator) mean p‐value 0.23 0.98 0.97 0.20 0.99 0.99 0.12 1.00 1.00
5% Significance 0.42 0.89 0.87 0.46 0.97 0.96 0.60 1.00 1.00
1% Significance 0.26 0.75 0.74 0.29 0.93 0.89 0.41 1.00 1.00

Bank 16 (non‐manipulator) mean p‐value 0.39 0.70 0.70 0.38 0.73 0.73 0.31 0.81 0.83
5% Significance 0.21 0.24 0.30 0.22 0.30 0.36 0.29 0.44 0.50
1% Significance 0.11 0.08 0.13 0.12 0.14 0.18 0.15 0.23 0.29

0.33 Bank 1 (manipulator) mean p‐value 0.35 0.92 0.89 0.29 0.95 0.94 0.23 0.99 0.99
5% Significance 0.26 0.68 0.63 0.34 0.83 0.78 0.44 0.98 0.95
1% Significance 0.14 0.45 0.39 0.17 0.69 0.62 0.25 0.93 0.86

Bank 16 (non‐manipulator) mean p‐value 0.42 0.62 0.62 0.42 0.64 0.65 0.38 0.73 0.74
5% Significance 0.22 0.18 0.24 0.16 0.22 0.22 0.26 0.29 0.33
1% Significance 0.11 0.06 0.12 0.09 0.09 0.10 0.15 0.12 0.19

U[‐1/40,0]  0.5 Bank 1 (manipulator) mean p‐value 0.34 0.93 0.91 0.30 0.97 0.96 0.21 1.00 0.99
5% Significance 0.29 0.74 0.68 0.34 0.89 0.82 0.42 0.99 0.97
1% Significance 0.17 0.54 0.49 0.20 0.72 0.65 0.27 0.97 0.91

Bank 16 (non‐manipulator) mean p‐value 0.43 0.68 0.67 0.42 0.70 0.69 0.37 0.81 0.80
5% Significance 0.20 0.24 0.27 0.17 0.30 0.30 0.23 0.44 0.44
1% Significance 0.11 0.11 0.14 0.08 0.14 0.15 0.11 0.25 0.25

0.33 Bank 1 (manipulator) mean p‐value 0.38 0.85 0.82 0.35 0.92 0.89 0.32 0.97 0.95
5% Significance 0.26 0.50 0.49 0.28 0.69 0.62 0.27 0.86 0.79
1% Significance 0.16 0.28 0.29 0.15 0.46 0.44 0.15 0.72 0.64

Bank 16 (non‐manipulator) mean p‐value 0.44 0.60 0.60 0.44 0.65 0.64 0.42 0.73 0.72
5% Significance 0.19 0.20 0.20 0.16 0.22 0.25 0.21 0.32 0.29
1% Significance 0.09 0.07 0.11 0.07 0.09 0.11 0.10 0.14 0.16

N=150 N=250 N=500
Table 1: Model Simulation Tests

Notes: Data simulated using various parameterizations of the complete information static game presented in the paper.  Statistics calculated from 10000 runs of "N" sample days of simulated data.  In each run 12 banks are "manipulator" banks meaning these 12 banks occasionally 
have incentives (v>0) to manipulate.  "Fraction of manipulating days" is the fraction of sample days on which there is potentially any manipulation.  On a manipulating day, an individual bank's manipulation incentives are drawn from a mixture distribution with 50% of draws yielding 
0 incentives and 50% of draws coming from the "Distribution of incentives" distribution and are i.i.d across banks and sample periods.  Statistics reported are, for each sample size and parameterization, based on one sided, two sample t‐tests of the hypotheses that 1)the number of 

actual normalized quotes falling in the bin 1bp below ([‐.01,0)) the fourth highest is less than the number of simulated quotes  (the "Below" columns) 2) The number of actual normalized quotes falling in the bin 1bp above ([0,.01) the day's fourth highest is greater than the 
simulated number ("Above") 3) The difference in the number of actual normalized quotes falling above and below is greater than the difference in the number of simulated normalized quotes ("Diff").    



Mean  St. Dev 25th Percentile 75th Percentile
All Periods
Diff from Day's Median Quote  0.0077 0.0946 ‐0.0100 0.0200
Daily Interquartile Range 0.0791 0.1332 0.0200 0.0900
Rank Diff from Bank's Avg. Rank 0.0000 4.3910 ‐3.4770 3.6420
Change in Quote from Prev. Day  ‐0.0015 0.0349 0.0000 0.0050
Fraction No Change from Prev Day 0.4099 0.4918 0.0000 1.0000
Number of Trading Days 1050
1/2005‐7/2007
Diff from Day's Median Quote  ‐0.0047 0.0282 ‐0.0050 0.0050
Daily Interquartile Range 0.0344 0.0372 0.0050 0.0650
Rank Diff from Bank's Avg. Rank 0.0000 4.3007 ‐3.5941 3.3175
Change in Quote from Prev. Day  0.0027 0.0093 0.0000 0.0100
Fraction No Change from Prev Day 0.4365 0.4960 0.0000 1.0000
Number of Trading Days 350
8/2007‐8/2008
Diff from Day's Median Quote  0.0295 0.1486 ‐0.0200 0.0300
Daily Interquartile Range 0.1684 0.1933 0.0300 0.2100
Rank Diff from Bank's Avg. Rank 0.0000 4.4254 ‐3.8066 4.0219
Change in Quote from Prev. Day  ‐0.0092 0.0479 ‐0.0200 0.0050
Fraction No Change from Prev Day 0.2354 0.4243 0.0000 0.0000
Number of Trading Days 216
9/2008‐1/2009
Diff from Day's Median Quote  0.0786 0.3646 ‐0.0500 0.1800
Daily Interquartile Range 0.4804 0.3938 0.1300 0.8500
Rank Diff from Bank's Avg. Rank 0.0000 4.1394 ‐3.4299 3.2617
Change in Quote from Prev. Day  ‐0.0116 0.1230 ‐0.0500 0.0100
Fraction No Change from Prev Day 0.2307 0.4214 0.0000 0.0000
Number of Trading Days 84
2/2009‐9/2009
Diff from Day's Median Quote  0.0182 0.0683 ‐0.0200 0.0600
Daily Interquartile Range 0.1033 0.0500 0.0800 0.1100
Rank Diff from Bank's Avg. Rank 0.0000 3.3444 ‐2.0247 2.3929
Change in Quote from Prev. Day  ‐0.0052 0.0193 ‐0.0100 0.0000
Fraction No Change from Prev Day 0.3710 0.4832 0.0000 1.0000
Number of Trading Days 133
10/2009‐1/2011
Diff from Day's Median Quote  0.0098 0.0391 ‐0.0100 0.0250
Daily Interquartile Range 0.0507 0.0246 0.0300 0.0650
Rank Diff from Bank's Avg. Rank 0.0000 2.6163 ‐1.5223 1.2997
Change in Quote from Prev. Day  0.0000 0.0061 0.0000 0.0000
Fraction No Change from Prev Day 0.6233 0.4846 0.0000 1.0000
Number of Trading Days 267
Source: Bloomberg

Table 2: 3M Libor Summary Statistics



Window q ‐ s4 [‐b,0) [0,b) Diff. [‐b,0) [0,b) Diff. [‐b,0) [0,b) Diff. [‐b,0) [0,b) Diff.

b=.005 Actual 0.029 0.189 0.160 0.042 0.381 0.339 0.018 0.112 0.093 0.005 0.073 0.068

Simulated 0.067 0.129 0.063 0.106 0.274 0.167 0.046 0.055 0.009 0.022 0.028 0.006

p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000

b=.01 Actual 0.071 0.242 0.171 0.067 0.452 0.385 0.055 0.166 0.110 0.023 0.086 0.064

Simulated 0.105 0.196 0.091 0.141 0.369 0.228 0.083 0.112 0.028 0.040 0.063 0.023

p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000

b=.015 Actual 0.089 0.300 0.211 0.089 0.485 0.397 0.078 0.209 0.131 0.032 0.117 0.085

Simulated 0.133 0.253 0.120 0.159 0.414 0.255 0.113 0.171 0.058 0.051 0.087 0.036

p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000

b=.02 Actual 0.117 0.335 0.219 0.103 0.517 0.414 0.111 0.235 0.124 0.053 0.128 0.075

Simulated 0.154 0.297 0.143 0.171 0.446 0.274 0.136 0.214 0.077 0.070 0.112 0.042

p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.000 0.999 1.000 0.001 0.976 0.999

[‐b,0) [0,b) Diff. [‐b,0) [0,b) Diff.

b=.005 Actual 0.013 0.079 0.066 0.036 0.093 0.057

Simulated 0.040 0.046 0.006 0.059 0.073 0.014

p‐value 0.000 1.000 1.000 0.000 1.000 1.000

b=.01 Actual 0.062 0.099 0.036 0.107 0.149 0.043

Simulated 0.078 0.080 0.003 0.108 0.137 0.029

p‐value 0.001 0.999 1.000 0.365 0.995 0.978

b=.015 Actual 0.073 0.163 0.090 0.126 0.257 0.131

Simulated 0.107 0.125 0.018 0.152 0.225 0.073

p‐value 0.000 1.000 1.000 0.000 1.000 1.000

b=.02 Actual 0.107 0.183 0.076 0.164 0.320 0.156

Simulated 0.129 0.170 0.041 0.184 0.293 0.109

p‐value 0.000 0.960 1.000 0.000 1.000 1.000
Notes: The table compares the frequency with which each bank's observed quotes fall into a bin of size b on either side of the 4th highest among the 15 other quotes with the same frequency 
derived from the fitted VAR model.  "Diff" is the difference between the frequency of falling into the right window and the frequency of falling into the left window.  p‐value gives the p‐value of 
the one‐sided t‐test that the observed cell count differs from the simulated  

Table 3a : All Bank Bunching at the 4th Highest Quote (3M Dollar) 

All Periods 1/2005‐7/2007 8/2007‐8/2008 9/2008‐1/2009

2/2009‐9/2009 10/2009‐1/2011



Window q ‐ s12 (‐b,0] (0,b] Diff. (‐b,0] (0,b] Diff. (‐b,0] (0,b] Diff. (‐b,0] (0,b] Diff.

b=.005 Actual 0.143 0.032 ‐0.110 0.324 0.078 ‐0.245 0.080 0.009 ‐0.071 0.035 0.004 ‐0.031

Simulated 0.122 0.067 ‐0.055 0.295 0.152 ‐0.143 0.050 0.035 ‐0.015 0.018 0.014 ‐0.003

p‐value 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000 0.000

b=.01 Actual 0.197 0.070 ‐0.126 0.449 0.131 ‐0.319 0.099 0.053 ‐0.047 0.049 0.015 ‐0.035

Simulated 0.188 0.101 ‐0.087 0.417 0.205 ‐0.212 0.103 0.067 ‐0.036 0.040 0.030 ‐0.010

p‐value 0.999 1.000 0.000 1.000 1.000 0.000 0.187 1.000 0.034 0.968 1.000 0.000

b=.015 Actual 0.271 0.079 ‐0.192 0.552 0.143 ‐0.409 0.181 0.060 ‐0.120 0.083 0.019 ‐0.064

Simulated 0.237 0.120 ‐0.117 0.479 0.227 ‐0.252 0.150 0.091 ‐0.059 0.061 0.043 ‐0.018

p‐value 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000 0.000 0.999 1.000 0.000

b=.02 Actual 0.297 0.100 ‐0.196 0.583 0.157 ‐0.426 0.201 0.094 ‐0.107 0.087 0.034 ‐0.053

Simulated 0.280 0.135 ‐0.145 0.522 0.239 ‐0.283 0.198 0.113 ‐0.085 0.081 0.048 ‐0.032

p‐value 1.000 1.000 0.000 1.000 1.000 0.000 0.735 0.999 0.002 0.823 0.976 0.006

(‐b,0] (0,b] Diff. (‐b,0] (0,b] Diff.

b=.005 Actual 0.037 0.008 ‐0.029 0.043 0.012 ‐0.031

Simulated 0.020 0.020 0.000 0.038 0.022 ‐0.016

p‐value 1.000 1.000 0.000 0.981 1.000 0.000

b=.01 Actual 0.043 0.036 ‐0.007 0.068 0.040 ‐0.028

Simulated 0.039 0.039 0.001 0.079 0.046 ‐0.033

p‐value 0.848 0.999 0.089 0.001 0.995 0.873

b=.015 Actual 0.082 0.041 ‐0.041 0.129 0.049 ‐0.079

Simulated 0.064 0.055 ‐0.009 0.131 0.059 ‐0.072

p‐value 1.000 1.000 0.000 0.316 1.000 0.084

b=.02 Actual 0.087 0.066 ‐0.022 0.169 0.069 ‐0.100

Simulated 0.083 0.070 ‐0.013 0.191 0.077 ‐0.114

p‐value 0.808 0.960 0.123 0.000 1.000 0.985
Notes: The table compares the frequency with which each bank's observed quotes fall into a bin of size b on either side of the 12th highest among the 15 other quotes with the same frequency 
derived from the fitted VAR model.  "Diff" is the difference between the frequency of falling into the right window and the frequency of falling into the left window.  p‐value gives the p‐value of 
the one‐sided t‐test that the observed cell count differs from the simulated  

Table 3b : All Bank Bunching at the 12th Highest Quote

All Periods 1/2005‐7/2007 8/2007‐8/2008 9/2008‐1/2009

2/2009‐9/2009 10/2009‐1/2011



‐0.05 ‐0.04 ‐0.03 ‐0.02 ‐0.01 0 0.01 0.02 0.03 0.04 0.05
‐0.05 96 87 38 18 8 9 4 2 2 2 0
‐0.04 61 177 117 34 21 9 2 1 2 0 0
‐0.03 15 67 173 83 21 13 2 1 0 0 0
‐0.02 12 42 186 432 230 62 24 6 5 2 0
‐0.01 5 10 37 339 810 269 46 11 5 3 4

0 8 18 45 113 1080 3314 536 100 34 15 8
0.01 3 4 7 23 75 482 1074 279 41 21 8
0.02 0 0 4 8 19 87 415 713 169 50 13
0.03 1 0 6 3 5 20 75 367 502 127 29
0.04 0 5 3 4 11 13 22 84 274 390 165
0.05 0 2 1 3 3 2 5 20 42 179 258

‐0.05 ‐0.04 ‐0.03 ‐0.02 ‐0.01 0 0.01 0.02 0.03 0.04 0.05
‐0.05 439 330 73 19 4 4 1 1 1 0 0
‐0.04 124 577 399 89 22 11 7 2 1 0 0
‐0.03 32 119 697 517 119 24 16 11 1 0 2
‐0.02 10 46 171 1040 774 100 17 7 3 2 1
‐0.01 6 13 49 267 2828 999 80 21 5 2 2

0 4 5 9 32 310 891 236 35 7 2 3
0.01 1 1 6 9 42 139 300 106 23 4 7
0.02 0 3 2 9 9 19 56 241 92 14 9
0.03 0 0 0 0 4 9 11 37 162 83 24
0.04 0 3 2 2 4 4 8 13 28 114 81
0.05 1 1 0 2 3 4 4 3 5 24 62

Actual Bin

Notes:  Table shows the joint distribution of fitted bin counts v. actual bin counts.  Entry (i,j) is the number of quotes such that the actual quote falls 
into bin i while the predicted quote falls into bin j.  Predicted quotes are normalized by the predicted pivotal quote.  Data is pooled across all periods 
buth the VAR model used to construct fitted bids is estimated separately for each period in the data.    

Actual Bin

Predicted Bin
Table 3c: Joint Distribution of Predicted (Fitted) Bin Counts v. Actual Bin Counts (Quotes Normalized by the Fourth Highest)

Notes:  Table shows the joint distribution of fitted bin counts v. actual bin counts.  Entry (i,j) is the number of quotes such that the actual quote falls 
into bin i while the predicted quote falls into bin j.  Predicted quotes are normalized by the predicted pivotal quote.  Data is pooled across all periods 
buth the VAR model used to construct fitted bids is estimated separately for each period in the data.    

Table 3d: Joint Distribution of Predicted (Fitted) Bin Counts v. Actual Bin Counts (Quotes Normalized by the Fourth Highest)
Predicted Bin



      All Periods     1/2005‐7/2007     8/2007‐8/2008     9/2008‐1/2009     2/2009‐9/2009     10/2009‐1/2011  
q ‐ s4 [‐.01,0) [0,.01) Diff. [‐.01,0) [0,.01) Diff. [‐.01,0) [0,.01) Diff. [‐.01,0) [0,.01) Diff. [‐.01,0) [0,.01) Diff. [‐.01,0) [0,.01) Diff.

Barclays Actual 0.040 0.260 0.220 0.031 0.447 0.417 0.067 0.184 0.117 0.009 0.073 0.064 0.035 0.145 0.110 0.043 0.193 0.149
  Simulated 0.075 0.208 0.133 0.072 0.379 0.307 0.106 0.110 0.004 0.045 0.009 ‐0.036 0.069 0.116 0.046 0.066 0.172 0.106
  p‐value 0.000 1.000 1.000 0.000 0.998 1.000 0.005 0.999 1.000 0.000 0.994 1.000 0.007 0.859 0.978 0.019 0.828 0.958

Bank of America Actual 0.001 0.202 0.201 0.000 0.520 0.520 0.004 0.124 0.120 0.000 0.045 0.045 0.000 0.000 0.000 0.000 0.000 0.000
  Simulated 0.027 0.164 0.137 0.057 0.452 0.395 0.035 0.060 0.025 0.009 0.018 0.009 0.000 0.000 0.000 0.000 0.000 0.000
  p‐value 0.000 1.000 1.000 0.000 0.998 1.000 0.000 0.999 1.000 0.000 0.914 0.965

Bank of Tokyo Actual 0.107 0.378 0.272 0.044 0.502 0.458 0.088 0.194 0.106 0.027 0.164 0.136 0.173 0.197 0.023 0.195 0.523 0.328
  Simulated 0.144 0.315 0.172 0.081 0.454 0.373 0.134 0.134 0.000 0.045 0.127 0.082 0.145 0.145 0.000 0.264 0.425 0.161
  p‐value 0.000 1.000 1.000 0.000 0.979 0.999 0.004 0.994 1.000 0.122 0.847 0.914 0.841 0.956 0.691 0.001 1.000 1.000

Citigroup Actual 0.023 0.226 0.202 0.044 0.539 0.496 0.039 0.159 0.120 0.009 0.073 0.064 0.000 0.012 0.012 0.000 0.023 0.023
  Simulated 0.072 0.164 0.093 0.169 0.395 0.226 0.064 0.099 0.035 0.018 0.100 0.082 0.006 0.029 0.023 0.000 0.003 0.003
  p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.017 0.997 0.999 0.159 0.137 0.248 0.000 0.018 0.079 0.993 0.993

CSFB Actual 0.085 0.292 0.207 0.061 0.498 0.436 0.053 0.212 0.159 0.000 0.055 0.055 0.069 0.214 0.145 0.175 0.201 0.026
  Simulated 0.142 0.230 0.088 0.125 0.404 0.279 0.117 0.145 0.028 0.027 0.082 0.055 0.133 0.145 0.012 0.227 0.161 ‐0.066
  p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.000 0.997 1.000 0.000 0.105 0.500 0.001 0.986 1.000 0.006 0.968 0.997

Deutsche Bank Actual 0.199 0.285 0.085 0.050 0.515 0.465 0.110 0.216 0.106 0.100 0.173 0.073 0.191 0.110 ‐0.081 0.503 0.161 ‐0.342
  Simulated 0.221 0.206 ‐0.015 0.171 0.393 0.221 0.148 0.138 ‐0.011 0.100 0.091 ‐0.009 0.185 0.081 ‐0.104 0.402 0.115 ‐0.287
  p‐value 0.023 1.000 1.000 0.000 1.000 1.000 0.019 0.999 1.000 0.500 0.987 0.950 0.577 0.887 0.712 1.000 0.989 0.086

HSBC Actual 0.109 0.159 0.050 0.037 0.373 0.336 0.028 0.078 0.049 0.009 0.018 0.009 0.046 0.064 0.017 0.330 0.037 ‐0.293
  Simulated 0.109 0.117 0.007 0.149 0.257 0.107 0.053 0.071 0.018 0.000 0.009 0.009 0.040 0.052 0.012 0.172 0.037 ‐0.135
  p‐value 0.466 1.000 0.999 0.000 1.000 1.000 0.007 0.671 0.950 0.841 0.761 0.500 0.641 0.733 0.591 1.000 0.500 0.000

JP Morgan Actual 0.031 0.274 0.243 0.033 0.539 0.507 0.053 0.216 0.163 0.073 0.173 0.100 0.023 0.179 0.156 0.003 0.055 0.052
  Simulated 0.064 0.234 0.170 0.107 0.452 0.344 0.060 0.159 0.099 0.073 0.136 0.064 0.046 0.168 0.121 0.017 0.075 0.057
  p‐value 0.000 0.999 1.000 0.000 1.000 1.000 0.298 0.989 0.984 0.500 0.842 0.783 0.023 0.654 0.859 0.000 0.051 0.324

Lloyds Actual 0.023 0.165 0.142 0.044 0.408 0.364 0.018 0.120 0.102 0.009 0.018 0.009 0.012 0.017 0.006 0.009 0.003 ‐0.006
  Simulated 0.035 0.132 0.097 0.077 0.336 0.259 0.028 0.067 0.039 0.000 0.018 0.018 0.012 0.029 0.017 0.009 0.006 ‐0.003
  p‐value 0.001 0.999 1.000 0.000 0.999 1.000 0.089 0.996 0.998 0.841 0.500 0.282 0.500 0.123 0.186 0.500 0.160 0.309

Norinchukin Actual 0.075 0.274 0.199 0.107 0.388 0.281 0.085 0.138 0.053 0.009 0.055 0.045 0.092 0.098 0.006 0.037 0.394 0.356
  Simulated 0.123 0.245 0.122 0.191 0.298 0.107 0.085 0.106 0.021 0.091 0.055 ‐0.036 0.121 0.098 ‐0.023 0.075 0.420 0.345
  p‐value 0.000 0.993 1.000 0.000 1.000 1.000 0.500 0.938 0.872 0.000 0.500 1.000 0.096 0.500 0.807 0.000 0.163 0.651

Rabobank Actual 0.101 0.167 0.066 0.156 0.226 0.070 0.053 0.173 0.120 0.027 0.045 0.018 0.000 0.000 0.000 0.141 0.207 0.066
  Simulated 0.158 0.111 ‐0.047 0.270 0.156 ‐0.114 0.092 0.092 0.000 0.009 0.036 0.027 0.000 0.000 0.000 0.193 0.147 ‐0.046
  p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.002 1.000 1.000 0.878 0.676 0.362 0.003 0.997 1.000

RBOS Actual 0.049 0.273 0.224 0.044 0.522 0.478 0.095 0.237 0.141 0.036 0.182 0.145 0.064 0.156 0.092 0.014 0.063 0.049
  Simulated 0.096 0.217 0.120 0.136 0.432 0.296 0.124 0.155 0.032 0.082 0.109 0.027 0.116 0.110 ‐0.006 0.017 0.072 0.055
  p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.054 0.999 0.999 0.006 0.975 0.997 0.003 0.952 0.997 0.327 0.255 0.348

Royal Bank of Canada Actual 0.036 0.263 0.227 0.024 0.539 0.515 0.053 0.205 0.152 0.000 0.118 0.118 0.133 0.156 0.023 0.000 0.046 0.046
  Simulated 0.107 0.180 0.073 0.173 0.384 0.211 0.110 0.134 0.025 0.018 0.055 0.036 0.191 0.087 ‐0.104 0.003 0.034 0.032
  p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.000 0.998 1.000 0.000 0.979 0.995 0.014 0.993 0.999 0.000 0.846 0.898

Societe Generale Actual 0.097 0.240 0.143 0.171 0.390 0.219 0.035 0.194 0.159 0.027 0.073 0.045 0.046 0.098 0.052 0.098 0.204 0.106
  Simulated 0.150 0.196 0.046 0.279 0.268 ‐0.011 0.060 0.138 0.078 0.036 0.073 0.036 0.069 0.081 0.012 0.129 0.244 0.115
  p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.013 0.991 0.998 0.280 0.500 0.619 0.075 0.777 0.920 0.025 0.033 0.383

UBS Actual 0.032 0.196 0.164 0.050 0.498 0.447 0.053 0.092 0.039 0.000 0.073 0.073 0.035 0.046 0.012 0.000 0.000 0.000
  Simulated 0.059 0.164 0.105 0.107 0.421 0.314 0.071 0.074 0.004 0.045 0.045 0.000 0.040 0.040 0.000 0.000 0.000 0.000
  p‐value 0.000 0.998 1.000 0.000 0.999 1.000 0.094 0.847 0.940 0.000 0.863 0.998 0.339 0.641 0.703

WestLB Actual 0.123 0.219 0.096 0.180 0.331 0.151 0.049 0.110 0.060 0.027 0.045 0.018 0.075 0.087 0.012 0.161 0.282 0.121
  Simulated 0.092 0.250 0.158 0.092 0.423 0.331 0.046 0.102 0.057 0.036 0.036 0.000 0.069 0.104 0.035 0.158 0.282 0.124
  p‐value 1.000 0.004 0.000 1.000 0.000 0.000 0.608 0.648 0.560 0.280 0.676 0.760 0.613 0.210 0.226 0.558 0.500 0.467

Notes: The table compares the frequency with which each bank's observed quotes fall into a bin of size b on either side of the 4th highest among the 15 other quotes with the same frequency derived from the fitted VAR model.  "Diff" is the difference between the frequency of falling into the right window and the frequency of falling into the left 
window.  p‐value gives the p‐value of the one‐sided t‐test that the observed cell count differs from the simulated  

Table 4a: Individual Bank Bunching at the 4th Highest Quote (3mo Dollar) 



    All Periods     1/2005‐7/2007     8/2007‐8/2008     9/2008‐1/2009     2/2009‐9/2009     10/2009‐1/2011  
q ‐ s12 (‐.01,0] (0,.01] Diff. (‐.01,0] (0,.01] Diff. (‐.01,0] (0,.01] Diff. (‐.01,0] (0,.01] Diff. (‐.01,0] (0,.01] Diff. (‐.01,0] (0,.01] Diff.

Barclays Actual 0.174 0.047 ‐0.127 0.447 0.132 ‐0.316 0.078 0.018 ‐0.060 0.009 0.000 ‐0.009 0.029 0.000 ‐0.029 0.020 0.000 ‐0.020
  Simulated 0.188 0.072 ‐0.116 0.445 0.184 ‐0.261 0.088 0.035 ‐0.053 0.000 0.000 0.000 0.023 0.012 ‐0.012 0.072 0.006 ‐0.066
  p‐value 0.101 1.000 0.187 0.537 0.998 0.047 0.253 0.999 0.348 0.841 0.994 0.159 0.675 0.859 0.088 0.000 0.828 1.000

Bank of America Actual 0.235 0.174 ‐0.061 0.550 0.235 ‐0.316 0.138 0.201 0.064 0.082 0.036 ‐0.045 0.121 0.098 ‐0.023 0.006 0.155 0.149
  Simulated 0.206 0.197 ‐0.009 0.476 0.327 ‐0.149 0.138 0.155 0.018 0.064 0.073 0.009 0.092 0.127 0.035 0.009 0.135 0.126
  p‐value 0.994 1.000 0.002 0.999 0.998 0.000 0.500 0.999 0.907 0.756 0.914 0.048 0.876 0.054 0.240 0.874

Bank of Tokyo Actual 0.188 0.012 ‐0.177 0.513 0.020 ‐0.493 0.064 0.014 ‐0.049 0.027 0.000 ‐0.027 0.017 0.017 0.000 0.000 0.000 0.000
  Simulated 0.185 0.045 ‐0.139 0.487 0.118 ‐0.368 0.078 0.025 ‐0.053 0.036 0.000 ‐0.036 0.029 0.006 ‐0.023 0.000 0.000 0.000
  p‐value 0.635 1.000 0.001 0.868 0.979 0.000 0.166 0.994 0.586 0.280 0.847 0.720 0.123 0.956 0.947 1.000

Citigroup Actual 0.226 0.069 ‐0.156 0.436 0.050 ‐0.386 0.099 0.053 ‐0.046 0.073 0.000 ‐0.073 0.064 0.023 ‐0.040 0.181 0.152 ‐0.029
  Simulated 0.219 0.097 ‐0.122 0.423 0.094 ‐0.329 0.110 0.067 ‐0.042 0.055 0.018 ‐0.036 0.052 0.040 ‐0.012 0.175 0.178 0.003
  p‐value 0.719 1.000 0.008 0.714 1.000 0.019 0.276 0.997 0.439 0.768 0.137 0.073 0.733 0.018 0.098 0.609 0.993 0.154

CSFB Actual 0.154 0.050 ‐0.104 0.351 0.129 ‐0.221 0.127 0.032 ‐0.095 0.082 0.000 ‐0.082 0.035 0.006 ‐0.029 0.000 0.000 0.000
  Simulated 0.126 0.096 ‐0.030 0.287 0.237 ‐0.050 0.113 0.064 ‐0.049 0.055 0.027 ‐0.027 0.017 0.012 ‐0.006 0.000 0.000 0.000

  p‐value 0.998 1.000 0.000 0.997 1.000 0.000 0.761 0.997 0.024 0.850 0.105 0.020 0.892 0.986 0.065 0.968
Deutsche Bank Actual 0.231 0.009 ‐0.222 0.616 0.018 ‐0.599 0.124 0.018 ‐0.106 0.009 0.000 ‐0.009 0.000 0.000 0.000 0.000 0.000 0.000

  Simulated 0.247 0.038 ‐0.209 0.671 0.086 ‐0.586 0.117 0.042 ‐0.074 0.000 0.009 0.009 0.000 0.000 0.000 0.000 0.000 0.000
  p‐value 0.081 1.000 0.148 0.009 1.000 0.297 0.641 0.999 0.071 0.841 0.987 0.024 0.887 0.989

HSBC Actual 0.128 0.061 ‐0.067 0.333 0.147 ‐0.186 0.053 0.021 ‐0.032 0.009 0.000 ‐0.009 0.023 0.029 0.006 0.009 0.014 0.006
  Simulated 0.120 0.077 ‐0.043 0.309 0.191 ‐0.118 0.042 0.028 ‐0.014 0.018 0.000 ‐0.018 0.035 0.035 0.000 0.009 0.011 0.003
  p‐value 0.812 1.000 0.020 0.861 1.000 0.016 0.786 0.671 0.137 0.159 0.761 0.841 0.157 0.733 0.630 0.500 0.500 0.638

JP Morgan Actual 0.284 0.028 ‐0.255 0.649 0.020 ‐0.629 0.134 0.042 ‐0.092 0.018 0.000 ‐0.018 0.006 0.006 0.000 0.149 0.049 ‐0.101
  Simulated 0.308 0.061 ‐0.247 0.667 0.075 ‐0.592 0.148 0.053 ‐0.095 0.018 0.009 ‐0.009 0.035 0.006 ‐0.029 0.195 0.092 ‐0.103
  p‐value 0.025 0.999 0.276 0.217 1.000 0.065 0.244 0.989 0.557 0.500 0.842 0.239 0.000 0.654 1.000 0.009 0.051 0.549

Lloyds Actual 0.115 0.088 ‐0.026 0.250 0.213 ‐0.037 0.074 0.049 ‐0.025 0.045 0.045 0.000 0.029 0.000 ‐0.029 0.034 0.014 ‐0.020
  Simulated 0.080 0.137 0.057 0.145 0.325 0.180 0.071 0.088 0.018 0.073 0.045 ‐0.027 0.023 0.017 ‐0.006 0.034 0.020 ‐0.014
  p‐value 1.000 0.999 0.000 1.000 0.999 0.000 0.589 0.996 0.022 0.086 0.500 0.827 0.675 0.123 0.036 0.500 0.160 0.314

Norinchukin Actual 0.165 0.044 ‐0.121 0.406 0.094 ‐0.311 0.074 0.028 ‐0.046 0.036 0.000 ‐0.036 0.029 0.040 0.012 0.032 0.006 ‐0.026
  Simulated 0.151 0.064 ‐0.088 0.360 0.151 ‐0.208 0.064 0.025 ‐0.039 0.027 0.000 ‐0.027 0.023 0.035 0.012 0.052 0.014 ‐0.037
  p‐value 0.915 0.993 0.003 0.976 1.000 0.000 0.751 0.938 0.354 0.694 0.500 0.306 0.675 0.500 0.500 0.017 0.163 0.867

Rabobank Actual 0.104 0.050 ‐0.054 0.140 0.004 ‐0.136 0.085 0.060 ‐0.025 0.127 0.009 ‐0.118 0.058 0.104 0.046 0.086 0.086 0.000
  Simulated 0.139 0.061 ‐0.077 0.263 0.013 ‐0.250 0.081 0.078 ‐0.004 0.073 0.091 0.018 0.046 0.081 0.035 0.089 0.092 0.003
  p‐value 0.000 1.000 0.986 0.000 1.000 1.000 0.584 1.000 0.175 0.955 0.676 0.000 0.742 0.648 0.424 0.997 0.449

RBOS Actual 0.287 0.083 ‐0.204 0.596 0.184 ‐0.412 0.127 0.035 ‐0.092 0.064 0.009 ‐0.055 0.069 0.064 ‐0.006 0.190 0.023 ‐0.167
  Simulated 0.300 0.109 ‐0.191 0.566 0.257 ‐0.309 0.152 0.042 ‐0.110 0.036 0.009 ‐0.027 0.064 0.058 ‐0.006 0.273 0.029 ‐0.244
  p‐value 0.142 1.000 0.199 0.908 1.000 0.003 0.107 0.999 0.775 0.878 0.975 0.141 0.617 0.952 0.500 0.000 0.255 0.999

Royal Bank of Canada Actual 0.296 0.108 ‐0.188 0.599 0.202 ‐0.397 0.148 0.064 ‐0.085 0.055 0.036 ‐0.018 0.006 0.012 0.006 0.239 0.092 ‐0.147
  Simulated 0.272 0.161 ‐0.111 0.489 0.318 ‐0.171 0.201 0.102 ‐0.099 0.064 0.064 0.000 0.017 0.012 ‐0.006 0.239 0.109 ‐0.129
  p‐value 0.969 1.000 0.000 1.000 1.000 0.000 0.007 0.998 0.700 0.338 0.979 0.264 0.024 0.993 0.875 0.500 0.846 0.282

Societe Generale Actual 0.169 0.047 ‐0.123 0.412 0.075 ‐0.338 0.060 0.039 ‐0.021 0.082 0.027 ‐0.055 0.087 0.092 0.006 0.009 0.000 ‐0.009
  Simulated 0.155 0.067 ‐0.088 0.379 0.127 ‐0.252 0.071 0.046 ‐0.025 0.073 0.055 ‐0.018 0.064 0.081 0.017 0.000 0.003 0.003
  p‐value 0.924 1.000 0.002 0.922 1.000 0.002 0.227 0.991 0.575 0.636 0.500 0.122 0.859 0.777 0.360 0.957 0.033 0.011

UBS Actual 0.207 0.085 ‐0.123 0.500 0.167 ‐0.333 0.138 0.081 ‐0.057 0.036 0.045 0.009 0.075 0.069 ‐0.006 0.000 0.000 0.000
  Simulated 0.132 0.176 0.044 0.265 0.421 0.156 0.141 0.099 ‐0.042 0.036 0.064 0.027 0.092 0.081 ‐0.012 0.000 0.000 0.000
  p‐value 1.000 0.998 0.000 1.000 0.999 0.000 0.432 0.847 0.305 0.500 0.863 0.253 0.195 0.641 0.579

WestLB Actual 0.185 0.169 ‐0.015 0.390 0.406 0.015 0.067 0.088 0.021 0.036 0.027 ‐0.009 0.035 0.017 ‐0.017 0.132 0.046 ‐0.086
  Simulated 0.188 0.163 ‐0.026 0.445 0.357 ‐0.088 0.039 0.127 0.088 0.009 0.018 0.009 0.006 0.029 0.023 0.121 0.049 ‐0.072
  p‐value 0.364 0.004 0.737 0.009 0.000 0.992 0.970 0.648 0.003 0.935 0.676 0.226 0.980 0.210 0.011 0.736 0.500 0.259

Notes: The table compares the frequency with which each bank's observed quotes fall into a bin of size b on either side of the 4th highest among the 15 other quotes with the same frequency derived from the fitted VAR model.  "Diff" is the difference between the frequency of falling into the right window and the frequency of falling into the 
left window.  p‐value gives the p‐value of the one‐sided t‐test that the observed cell count differs from the simulated 

Table 4b: Individual Bank Bunching at the 12th Highest (3mo Dollar) 



Window q ‐ sk [‐.01,0) [0,.01) Diff. [‐.01,0) [0,.01) Diff. [‐.01,0) [0,.01) Diff.
q‐s4 Actual 0.083 0.148 0.065 0.024 0.042 0.017 0.045 0.036 ‐0.009

Simulated 0.090 0.113 0.023 0.035 0.036 0.001 0.031 0.033 0.002
p‐value 0.100 1.000 1.000 0.002 0.880 0.995 1.000 0.775 0.012

q‐s5 Actual 0.086 0.150 0.064 0.042 0.040 ‐0.002 0.027 0.024 ‐0.002
Simulated 0.096 0.154 0.058 0.044 0.043 ‐0.001 0.024 0.024 0.001
p‐value 0.025 0.272 0.757 0.278 0.236 0.467 0.861 0.500 0.218

Window q ‐ sk (‐.01,0] (0,.01] Diff. (‐.01,0] (0,.01] Diff. (‐.01,0] (0,.01] Diff.
q‐s12 Actual 0.169 0.086 ‐0.083 0.091 0.063 ‐0.027 0.041 0.039 ‐0.002

Simulated 0.189 0.109 ‐0.080 0.094 0.063 ‐0.032 0.045 0.035 ‐0.011
p‐value 0.004 0.000 0.406 0.283 0.538 0.685 0.092 0.881 0.958

q‐s16,q‐s14,q‐s14 Actual 0.045 0.054 0.008 0.084 0.088 0.004 0.024 0.032 0.009
Simulated 0.049 0.046 ‐0.004 0.069 0.090 0.021 0.023 0.034 0.010
p‐value 0.172 0.959 0.969 0.988 0.370 0.040 0.546 0.345 0.355

Table 5b : All Bank Bunching at the 12th Highest and Top Pivotal Quote (3M Dollar) 
2/2011‐8/2011 9/2011‐12/2011 1/2012‐6/2012

Notes: The table compares the frequency with which each bank's observed quotes fall into a bin of size .01 on either side of the 12th 
(top panel) and top pivotal quote (bottom panel; 16th highest for the first 3 columns, 14th highest for the last 6 columns) among the 
20,19, and18 other quotes with the same frequency derived from the fitted VAR model.  "Diff" is the difference between the 
frequency of falling into the right window and the frequency of falling into the left window.  p‐value gives the p‐value of the one‐

Table 5a : All Bank Bunching at the 4th and 5th Highest Quote Later Periods (3M Dollar) 
2/2011‐8/2011 9/2011‐12/2011 1/2012‐6/2012

Notes: The table compares the frequency with which each bank's observed quotes fall into a bin of size .01 on either side of the 4th 
(top panel) and 5th (bottom panel) highest among the 20 (first 3 columns), 19 (second 3 columns), or 18 (third 3 columns) other 
quotes with the same frequency derived from the fitted VAR model.  "Diff" is the difference between the frequency of falling into the 
right window and the frequency of falling into the left window.  p‐value gives the p‐value of the one‐sided t‐test that the observed 



Window q ‐ s4 [‐b,0) [0,b) Diff. [‐b,0) [0,b) Diff. [‐b,0) [0,b) Diff. [‐b,0) [0,b) Diff.

b=.005 Actual 0.021 0.085 0.063 0.046 0.162 0.116 0.008 0.065 0.057 0.001 0.060 0.059

Simulated 0.044 0.052 0.009 0.082 0.102 0.020 0.030 0.032 0.003 0.019 0.021 0.002

p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000

b=.01 Actual 0.053 0.130 0.077 0.081 0.250 0.169 0.035 0.100 0.065 0.016 0.073 0.057

Simulated 0.074 0.107 0.033 0.124 0.202 0.078 0.058 0.065 0.007 0.034 0.040 0.006

p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000

b=.015 Actual 0.071 0.181 0.111 0.104 0.324 0.220 0.059 0.130 0.072 0.029 0.093 0.064

Simulated 0.096 0.157 0.061 0.147 0.284 0.137 0.083 0.102 0.020 0.052 0.060 0.009
p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000

b=.02 Actual 0.094 0.214 0.120 0.120 0.384 0.264 0.087 0.143 0.057 0.055 0.094 0.039

Simulated 0.114 0.204 0.090 0.164 0.355 0.191 0.102 0.133 0.032 0.065 0.077 0.011

p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.000 0.973 1.000 0.031 0.993 0.998

[‐b,0) [0,b) Diff. [‐b,0) [0,b) Diff.

b=.005 Actual 0.003 0.046 0.043 0.016 0.027 0.011

Simulated 0.025 0.027 0.002 0.021 0.026 0.005

p‐value 0.000 1.000 1.000 0.001 0.630 0.985

b=.01 Actual 0.037 0.050 0.013 0.050 0.056 0.006

Simulated 0.044 0.048 0.003 0.047 0.066 0.019

p‐value 0.018 0.699 0.958 0.788 0.001 0.002

b=.015 Actual 0.040 0.088 0.048 0.065 0.110 0.045

Simulated 0.064 0.071 0.007 0.071 0.108 0.037

p‐value 0.000 0.999 1.000 0.030 0.665 0.925

b=.02 Actual 0.073 0.096 0.023 0.089 0.146 0.056

Simulated 0.080 0.102 0.022 0.091 0.155 0.064

p‐value 0.064 0.152 0.591 0.372 0.025 0.107

Notes: The table compares the frequency with which each bank's observed quotes fall into a bin of size b on either side of the 4th highest among the 15 other 
quotes with the same frequency derived from the fitted VAR model.  "Diff" is the difference between the frequency of falling into the right window and the 
frequency of falling into the left window.  p‐value gives the p‐value of the one‐sided t‐test that the observed cell count differs from the simulated  

Table 6a : All Bank Bunching at the 4th Highest Quote (6M Dollar) 

All Periods 1/2005‐7/2007 8/2007‐8/2008 9/2008‐1/2009

2/2009‐9/2009 10/2009‐1/2011



Window q ‐ s4 (‐b,0] (0,b] Diff. (‐b,0] (0,b] Diff. (‐b,0] (0,b] Diff. (‐b,0] (0,b] Diff.
b=.005 Actual 0.078 0.024 ‐0.054 0.152 0.055 ‐0.097 0.052 0.009 ‐0.043 0.040 0.004 ‐0.036

Simulated 0.060 0.052 ‐0.009 0.128 0.105 ‐0.023 0.034 0.034 0.001 0.014 0.013 ‐0.001
p‐value 1.000 0.000 0.000 1.000 0.000 0.000 1.000 0.000 0.000 1.000 0.000 0.000

b=.01 Actual 0.113 0.066 ‐0.047 0.235 0.110 ‐0.125 0.064 0.050 ‐0.014 0.045 0.021 ‐0.024
Simulated 0.113 0.087 ‐0.026 0.231 0.168 ‐0.063 0.066 0.061 ‐0.005 0.026 0.020 ‐0.005
p‐value 0.466 0.000 0.000 0.803 0.000 0.000 0.293 0.000 0.037 1.000 0.566 0.001

b=.015 Actual 0.181 0.078 ‐0.103 0.346 0.126 ‐0.220 0.115 0.056 ‐0.059 0.068 0.022 ‐0.046
Simulated 0.158 0.111 ‐0.047 0.304 0.199 ‐0.106 0.098 0.079 ‐0.019 0.040 0.030 ‐0.010
p‐value 1.000 0.000 0.000 1.000 0.000 0.000 1.000 0.000 0.000 1.000 0.019 0.000

b=.02 Actual 0.207 0.103 ‐0.104 0.399 0.149 ‐0.250 0.124 0.087 ‐0.038 0.074 0.031 ‐0.043
Simulated 0.200 0.128 ‐0.072 0.365 0.214 ‐0.151 0.130 0.099 ‐0.031 0.053 0.038 ‐0.015
p‐value 0.995 0.000 0.000 1.000 0.000 0.000 0.131 0.002 0.158 0.999 0.050 0.000

(‐b,0] (0,b] Diff. (‐b,0] (0,b] Diff.
b=.005 Actual 0.031 0.006 ‐0.026 0.038 0.011 ‐0.027

Simulated 0.020 0.017 ‐0.002 0.029 0.025 ‐0.004
p‐value 1.000 0.000 0.000 1.000 0.000 0.000

b=.01 Actual 0.035 0.029 ‐0.005 0.054 0.056 0.003
Simulated 0.036 0.031 ‐0.005 0.064 0.052 ‐0.011
p‐value 0.302 0.287 0.500 0.001 0.908 0.999

b=.015 Actual 0.062 0.033 ‐0.029 0.114 0.073 ‐0.041
Simulated 0.051 0.040 ‐0.010 0.106 0.083 ‐0.024
p‐value 0.990 0.014 0.001 0.960 0.002 0.001

b=.02 Actual 0.065 0.053 ‐0.012 0.136 0.104 ‐0.031
Simulated 0.073 0.053 ‐0.020 0.151 0.106 ‐0.045
p‐value 0.054 0.567 0.897 0.001 0.331 0.976

Notes: The table compares the frequency with which each bank's observed quotes fall into a bin of size b on either side of the 12th highest among the 15 other quotes with the 
same frequency derived from the fitted VAR model.  "Diff" is the difference between the frequency of falling into the right window and the frequency of falling into the left 
window.  p‐value gives the p‐value of the one‐sided t‐test that the observed cell count differs from the simulated  

Table 6b: All Bank Bunching at the 12th Highest Quote (6mo Dollar) 
All Periods 1/2005‐7/2007 8/2007‐8/2008 9/2008‐1/2009

2/2009‐9/2009 10/2009‐1/2011



Window q ‐ s4 [‐b,0) [0,b) Diff. [‐b,0) [0,b) Diff. [‐b,0) [0,b) Diff. [‐b,0) [0,b) Diff.

b=.005 Actual 0.019 0.097 0.078 0.012 0.145 0.132 0.011 0.084 0.073 0.007 0.063 0.056

Simulated 0.049 0.062 0.013 0.059 0.093 0.034 0.047 0.051 0.004 0.035 0.036 0.001

p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000

b=.01 Actual 0.077 0.141 0.064 0.073 0.207 0.134 0.065 0.100 0.035 0.051 0.078 0.027

Simulated 0.088 0.123 0.036 0.097 0.179 0.081 0.081 0.096 0.014 0.057 0.074 0.016

p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.000 0.826 1.000 0.097 0.733 0.896

b=.015 Actual 0.085 0.235 0.149 0.077 0.349 0.272 0.071 0.181 0.110 0.054 0.133 0.079

Simulated 0.117 0.198 0.081 0.124 0.288 0.164 0.106 0.147 0.041 0.076 0.102 0.026

p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000

b=.02 Actual 0.124 0.292 0.167 0.105 0.427 0.321 0.095 0.193 0.097 0.090 0.139 0.049

Simulated 0.143 0.267 0.124 0.142 0.366 0.224 0.124 0.201 0.077 0.094 0.133 0.039

p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.000 0.078 0.995 0.280 0.775 0.815

[‐b,0) [0,b) Diff. [‐b,0) [0,b) Diff.

b=.005 Actual 0.008 0.070 0.063 0.048 0.065 0.017

Simulated 0.034 0.036 0.002 0.051 0.052 0.001

p‐value 0.000 1.000 1.000 0.145 1.000 0.999

b=.01 Actual 0.064 0.092 0.028 0.111 0.132 0.022

Simulated 0.066 0.087 0.021 0.103 0.106 0.003

p‐value 0.321 0.821 0.832 0.960 1.000 0.996

b=.015 Actual 0.070 0.159 0.089 0.131 0.195 0.064

Simulated 0.098 0.142 0.044 0.143 0.179 0.036

p‐value 0.000 0.994 1.000 0.005 0.996 1.000

b=.02 Actual 0.124 0.190 0.066 0.192 0.294 0.102

Simulated 0.126 0.193 0.067 0.189 0.270 0.081

p‐value 0.365 0.368 0.486 0.667 1.000 0.986

Notes: The table compares the frequency with which each bank's observed quotes fall into a bin of size b on either side of the 4th highest among the 15 other 
quotes with the same frequency derived from the fitted VAR model.  "Diff" is the difference between the frequency of falling into the right window and the 

frequency of falling into the left window.  p‐value gives the p‐value of the one‐sided t‐test that the observed cell count differs from the simulated  

Table 7a : All Bank Bunching at the 4th Highest Quote (3M Yen) 

All Periods 1/2005‐7/2007 8/2007‐8/2008 9/2008‐1/2009

2/2009‐9/2009 10/2009‐1/2011



Window q ‐ s4 (‐b,0] (0,b] Diff. (‐b,0] (0,b] Diff. (‐b,0] (0,b] Diff. (‐b,0] (0,b] Diff.

b=.005 Actual 0.125 0.013 ‐0.112 0.152 0.024 ‐0.128 0.062 0.013 ‐0.049 0.077 0.001 ‐0.077

Simulated 0.084 0.056 ‐0.028 0.110 0.078 ‐0.032 0.038 0.033 ‐0.005 0.034 0.026 ‐0.008

p‐value 1.000 0.000 0.000 1.000 0.000 0.000 1.000 0.000 0.000 1.000 0.000 0.000

b=.01 Actual 0.147 0.062 ‐0.085 0.190 0.086 ‐0.104 0.079 0.050 ‐0.028 0.084 0.027 ‐0.057

Simulated 0.149 0.089 ‐0.060 0.208 0.123 ‐0.085 0.077 0.057 ‐0.020 0.069 0.052 ‐0.017

p‐value 0.183 0.000 0.000 0.000 0.000 0.001 0.650 0.019 0.059 0.989 0.000 0.000

b=.015 Actual 0.259 0.069 ‐0.191 0.340 0.098 ‐0.241 0.157 0.055 ‐0.102 0.140 0.030 ‐0.111

Simulated 0.221 0.113 ‐0.109 0.305 0.151 ‐0.154 0.132 0.081 ‐0.051 0.099 0.061 ‐0.039

p‐value 1.000 0.000 0.000 1.000 0.000 0.000 1.000 0.000 0.000 1.000 0.000 0.000

b=.02 Actual 0.278 0.101 ‐0.177 0.368 0.139 ‐0.228 0.173 0.090 ‐0.083 0.143 0.047 ‐0.096

Simulated 0.272 0.133 ‐0.139 0.363 0.178 ‐0.186 0.182 0.101 ‐0.081 0.126 0.069 ‐0.057

p‐value 0.970 0.000 0.000 0.780 0.000 0.000 0.047 0.005 0.407 0.978 0.000 0.000

(‐b,0] (0,b] Diff. (‐b,0] (0,b] Diff.

b=.005 Actual 0.052 0.007 ‐0.046 0.200 0.005 ‐0.195

Simulated 0.030 0.027 ‐0.003 0.136 0.072 ‐0.064

p‐value 1.000 0.000 0.000 1.000 0.000 0.000

b=.01 Actual 0.059 0.059 0.000 0.216 0.052 ‐0.164

Simulated 0.069 0.056 ‐0.012 0.201 0.101 ‐0.100

p‐value 0.013 0.686 0.969 0.994 0.000 0.000

b=.015 Actual 0.129 0.059 ‐0.069 0.350 0.057 ‐0.293

Simulated 0.109 0.082 ‐0.027 0.286 0.121 ‐0.165

p‐value 0.999 0.000 0.000 1.000 0.000 0.000

b=.02 Actual 0.142 0.082 ‐0.060 0.365 0.085 ‐0.280

Simulated 0.150 0.094 ‐0.056 0.339 0.139 ‐0.200

p‐value 0.107 0.010 0.328 1.000 0.000 0.000
Notes: The table compares the frequency with which each bank's observed quotes fall into a bin of size b on either side of the 12th highest among the 15 other quotes with the same frequency 
derived from the fitted VAR model.  "Diff" is the difference between the frequency of falling into the right window and the frequency of falling into the left window.  p‐value gives the p‐value of 
the one‐sided t‐test that the observed cell count differs from the simulated  

Table 7b : All Bank Bunching at the 12th Highest Quote (3mo Yen) 

All Periods 1/2005‐7/2007 8/2007‐8/2008 9/2008‐1/2009

2/2009‐9/2009 10/2009‐1/2011



      All Periods     1/2005‐7/2007     8/2007‐8/2008     9/2008‐1/2009     2/2009‐9/2009     10/2009‐1/2011  
q ‐ s4 [‐.01,0) [0,.01) Diff. [‐.01,0) [0,.01) Diff. [‐.01,0) [0,.01) Diff. [‐.01,0) [0,.01) Diff. [‐.01,0) [0,.01) Diff. [‐.01,0) [0,.01) Diff.

Barclays Actual 0.092 0.092 0.000 0.221 0.191 ‐0.031 0.025 0.078 0.053 0.000 0.000 0.000 0.017 0.006 ‐0.012 0.039 0.042 0.003
  Simulated 0.072 0.077 0.005 0.143 0.184 0.042 0.053 0.049 ‐0.004 0.000 0.000 0.000 0.029 0.006 ‐0.023 0.035 0.013 ‐0.023
  p‐value 0.994 0.969 0.328 1.000 0.639 0.009 0.001 0.961 0.998 0.123 0.500 0.841 0.615 0.994 0.944
Bank of America Actual 0.067 0.158 0.092 0.020 0.180 0.160 0.155 0.247 0.092 0.145 0.127 ‐0.018 0.110 0.139 0.029 0.003 0.068 0.064
  Simulated 0.078 0.161 0.083 0.026 0.226 0.200 0.198 0.177 ‐0.021 0.173 0.082 ‐0.091 0.087 0.145 0.058 0.006 0.087 0.080
  p‐value 0.051 0.411 0.759 0.157 0.006 0.023 0.026 0.997 0.998 0.210 0.922 0.926 0.833 0.413 0.223 0.159 0.089 0.137
Bank of Tokyo Actual 0.080 0.258 0.178 0.024 0.296 0.272 0.053 0.049 ‐0.004 0.009 0.055 0.045 0.156 0.272 0.116 0.170 0.457 0.286
  Simulated 0.133 0.203 0.070 0.070 0.217 0.147 0.064 0.067 0.004 0.009 0.082 0.073 0.197 0.197 0.000 0.296 0.350 0.055
  p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.214 0.087 0.356 0.500 0.105 0.126 0.073 0.986 0.990 0.000 1.000 1.000
Citigroup Actual 0.109 0.153 0.044 0.064 0.254 0.191 0.032 0.088 0.057 0.045 0.055 0.009 0.139 0.081 ‐0.058 0.251 0.138 ‐0.113
  Simulated 0.124 0.161 0.038 0.125 0.270 0.145 0.042 0.148 0.106 0.036 0.073 0.036 0.081 0.116 0.035 0.251 0.071 ‐0.180
  p‐value 0.041 0.202 0.685 0.000 0.227 0.967 0.156 0.000 0.008 0.676 0.202 0.184 0.985 0.049 0.005 0.500 1.000 0.972
Deutsche Bank Actual 0.083 0.218 0.135 0.156 0.447 0.292 0.035 0.120 0.085 0.000 0.082 0.082 0.058 0.035 ‐0.023 0.061 0.119 0.058
  Simulated 0.142 0.154 0.012 0.311 0.265 ‐0.046 0.042 0.110 0.067 0.027 0.109 0.082 0.075 0.023 ‐0.052 0.061 0.119 0.058
  p‐value 0.000 1.000 1.000 0.000 1.000 1.000 0.261 0.708 0.779 0.000 0.150 0.500 0.165 0.796 0.894 0.500 0.500 0.500
HSBC Actual 0.062 0.137 0.074 0.125 0.276 0.151 0.067 0.081 0.014 0.064 0.091 0.027 0.000 0.000 0.000 0.000 0.074 0.074
  Simulated 0.059 0.117 0.058 0.110 0.246 0.136 0.078 0.057 ‐0.021 0.064 0.036 ‐0.027 0.000 0.000 0.000 0.000 0.077 0.077
  p‐value 0.674 0.980 0.913 0.838 0.927 0.702 0.239 0.935 0.937 0.500 0.975 0.926 0.414 0.414
Lloyds Actual 0.063 0.240 0.177 0.086 0.314 0.228 0.067 0.110 0.042 0.109 0.082 ‐0.027 0.029 0.249 0.220 0.029 0.302 0.273
  Simulated 0.089 0.224 0.135 0.127 0.281 0.154 0.092 0.166 0.074 0.073 0.073 0.000 0.087 0.266 0.179 0.035 0.222 0.186
  p‐value 0.000 0.919 0.998 0.001 0.933 0.996 0.050 0.001 0.102 0.888 0.636 0.257 0.000 0.299 0.866 0.250 0.999 0.998
JP Morgan Actual 0.046 0.118 0.072 0.090 0.261 0.171 0.039 0.095 0.057 0.082 0.091 0.009 0.000 0.006 0.006 0.000 0.000 0.000
  Simulated 0.059 0.110 0.050 0.118 0.213 0.094 0.060 0.120 0.060 0.064 0.118 0.055 0.006 0.012 0.006 0.000 0.000 0.000
  p‐value 0.010 0.824 0.976 0.018 0.990 0.998 0.034 0.080 0.435 0.756 0.161 0.127 0.000 0.159 0.500
Mizuho Actual 0.048 0.122 0.074 0.013 0.112 0.099 0.148 0.138 ‐0.011 0.027 0.109 0.082 0.075 0.168 0.092 0.000 0.100 0.100
  Simulated 0.060 0.113 0.053 0.031 0.114 0.083 0.138 0.113 ‐0.025 0.036 0.155 0.118 0.092 0.156 0.064 0.023 0.074 0.051
  p‐value 0.022 0.821 0.965 0.001 0.441 0.832 0.691 0.885 0.671 0.280 0.065 0.146 0.195 0.658 0.783 0.000 0.933 0.997
Norinchukin Actual 0.129 0.099 ‐0.030 0.068 0.162 0.094 0.011 0.039 0.028 0.055 0.064 0.009 0.214 0.231 0.017 0.305 0.000 ‐0.305
  Simulated 0.100 0.112 0.012 0.103 0.195 0.092 0.018 0.078 0.060 0.091 0.073 ‐0.018 0.202 0.173 ‐0.029 0.116 0.000 ‐0.116
  p‐value 0.999 0.061 0.001 0.002 0.030 0.540 0.124 0.001 0.009 0.048 0.348 0.796 0.644 0.963 0.818 1.000 0.000
Rabobank Actual 0.001 0.000 ‐0.001 0.000 0.000 0.000 0.000 0.000 0.000 0.009 0.000 ‐0.009 0.000 0.000 0.000 0.000 0.000 0.000
  Simulated 0.001 0.000 ‐0.001 0.000 0.000 0.000 0.000 0.000 0.000 0.009 0.000 ‐0.009 0.000 0.000 0.000 0.000 0.000 0.000
  p‐value 0.500 0.500 0.500 0.500
RBOS Actual 0.070 0.115 0.045 0.081 0.195 0.114 0.159 0.194 0.035 0.100 0.082 ‐0.018 0.000 0.000 0.000 0.000 0.000 0.000
  Simulated 0.099 0.084 ‐0.015 0.123 0.158 0.035 0.233 0.106 ‐0.127 0.091 0.091 0.000 0.000 0.000 0.000 0.000 0.000 0.000
  p‐value 0.000 1.000 1.000 0.001 0.976 0.999 0.000 1.000 1.000 0.624 0.364 0.328
Sumitomo Actual 0.107 0.098 ‐0.010 0.004 0.081 0.077 0.035 0.046 0.011 0.000 0.000 0.000 0.145 0.064 ‐0.081 0.341 0.222 ‐0.119
  Simulated 0.099 0.067 ‐0.032 0.015 0.059 0.044 0.039 0.053 0.014 0.000 0.000 0.000 0.075 0.029 ‐0.046 0.325 0.135 ‐0.190
  p‐value 0.834 1.000 0.964 0.000 0.955 0.993 0.374 0.286 0.418 0.995 0.968 0.156 0.724 1.000 0.952
Societe Generale Actual 0.164 0.164 0.001 0.127 0.129 0.002 0.092 0.141 0.049 0.064 0.209 0.145 0.040 0.139 0.098 0.386 0.235 ‐0.151
  Simulated 0.173 0.138 ‐0.035 0.123 0.105 ‐0.018 0.099 0.127 0.028 0.118 0.127 0.009 0.081 0.121 0.040 0.383 0.209 ‐0.174
  p‐value 0.188 0.994 0.987 0.610 0.936 0.796 0.341 0.752 0.770 0.011 0.981 0.997 0.004 0.745 0.966 0.546 0.856 0.696
UBS Actual 0.029 0.122 0.093 0.050 0.283 0.232 0.025 0.064 0.039 0.055 0.091 0.036 0.012 0.029 0.017 0.000 0.000 0.000
  Simulated 0.046 0.106 0.060 0.092 0.221 0.129 0.028 0.053 0.025 0.064 0.073 0.009 0.023 0.098 0.075 0.000 0.000 0.000
  p‐value 0.000 0.959 0.999 0.000 0.998 1.000 0.351 0.767 0.789 0.338 0.746 0.774 0.079 0.000 0.000
WestLB Actual 0.083 0.167 0.083 0.037 0.127 0.090 0.095 0.110 0.014 0.045 0.109 0.064 0.029 0.052 0.023 0.183 0.360 0.177
  Simulated 0.074 0.151 0.077 0.042 0.105 0.064 0.120 0.110 ‐0.011 0.064 0.091 0.027 0.023 0.046 0.023 0.113 0.334 0.222
  p‐value 0.881 0.937 0.691 0.311 0.919 0.921 0.080 0.500 0.820 0.181 0.729 0.836 0.675 0.634 0.500 0.999 0.827 0.135

Table 8a: Individual Bank Bunching at the 4th Highest Quote (3mo Yen) 

Notes: The table compares the frequency with which each bank's observed quotes fall into a bin of size b on either side of the 4th highest among the 15 other quotes with the same frequency derived from the fitted VAR model.  "Diff" is the difference between the frequency of falling into the right window and the 
frequency of falling into the left window.  p‐value gives the p‐value of the one‐sided t‐test that the observed cell count differs from the simulated  



    All Periods     1/2005‐7/2007     8/2007‐8/2008     9/2008‐1/2009     2/2009‐9/2009     10/2009‐1/2011  
q ‐ s12 (‐.01,0] (0,.01] Diff. (‐.01,0] (0,.01] Diff. (‐.01,0] (0,.01] Diff. (‐.01,0] (0,.01] Diff. (‐.01,0] (0,.01] Diff. (‐.01,0] (0,.01] Diff.

Barclays Actual 0.223 0.040 ‐0.183 0.202 0.057 ‐0.145 0.106 0.042 ‐0.064 0.245 0.027 ‐0.218 0.145 0.069 ‐0.075 0.395 0.000 ‐0.395
  Simulated 0.230 0.074 ‐0.157 0.246 0.090 ‐0.156 0.092 0.064 ‐0.028 0.109 0.118 0.009 0.139 0.064 ‐0.075 0.428 0.048 ‐0.379
  p‐value 0.256 0.000 0.024 0.011 0.002 0.684 0.779 0.040 0.060 0.999 0.000 0.000 0.585 0.617 0.500 0.124 0.000 0.282

Bank of America Actual 0.201 0.050 ‐0.152 0.311 0.140 ‐0.171 0.042 0.007 ‐0.035 0.055 0.000 ‐0.055 0.000 0.000 0.000 0.347 0.000 ‐0.347
  Simulated 0.269 0.079 ‐0.190 0.456 0.191 ‐0.265 0.021 0.018 ‐0.004 0.027 0.045 0.018 0.000 0.000 0.000 0.453 0.026 ‐0.428
  p‐value 0.000 0.000 0.998 0.000 0.001 0.999 0.960 0.018 0.008 0.895 0.000 0.001 0.000 0.000 0.998

Bank of Tokyo Actual 0.077 0.059 ‐0.017 0.156 0.110 ‐0.046 0.053 0.067 0.014 0.073 0.018 ‐0.055 0.017 0.000 ‐0.017 0.016 0.026 0.010
  Simulated 0.097 0.062 ‐0.035 0.195 0.121 ‐0.075 0.081 0.057 ‐0.025 0.082 0.018 ‐0.064 0.017 0.006 ‐0.012 0.016 0.026 0.010
  p‐value 0.003 0.364 0.961 0.011 0.228 0.881 0.018 0.761 0.969 0.357 0.500 0.626 0.500 0.000 0.281 0.500 0.500 0.500

Citigroup Actual 0.111 0.032 ‐0.079 0.230 0.035 ‐0.195 0.106 0.067 ‐0.039 0.118 0.073 ‐0.045 0.000 0.000 0.000 0.000 0.000 0.000
  Simulated 0.112 0.040 ‐0.072 0.226 0.072 ‐0.154 0.131 0.060 ‐0.071 0.082 0.018 ‐0.064 0.000 0.006 0.006 0.000 0.000 0.000
  p‐value 0.465 0.062 0.254 0.588 0.000 0.032 0.090 0.682 0.900 0.880 0.985 0.669 0.000 0.000

Deutsche Bank Actual 0.125 0.044 ‐0.081 0.064 0.020 ‐0.044 0.067 0.085 0.018 0.045 0.018 ‐0.027 0.104 0.064 ‐0.040 0.305 0.039 ‐0.267
  Simulated 0.135 0.064 ‐0.071 0.099 0.029 ‐0.070 0.064 0.057 ‐0.007 0.064 0.036 ‐0.027 0.127 0.098 ‐0.029 0.283 0.113 ‐0.170
  p‐value 0.124 0.000 0.189 0.001 0.091 0.974 0.594 0.955 0.856 0.181 0.078 0.500 0.161 0.032 0.355 0.805 0.000 0.001

HSBC Actual 0.170 0.103 ‐0.067 0.048 0.039 ‐0.009 0.081 0.067 ‐0.014 0.100 0.091 ‐0.009 0.081 0.237 0.156 0.502 0.158 ‐0.344
  Simulated 0.169 0.111 ‐0.058 0.121 0.053 ‐0.068 0.025 0.053 0.028 0.055 0.100 0.045 0.081 0.179 0.098 0.460 0.215 ‐0.244
  p‐value 0.529 0.162 0.263 0.000 0.076 1.000 1.000 0.828 0.033 0.942 0.370 0.097 0.500 0.962 0.918 0.928 0.003 0.009

Lloyds Actual 0.109 0.020 ‐0.089 0.226 0.035 ‐0.191 0.078 0.035 ‐0.042 0.009 0.000 ‐0.009 0.012 0.000 ‐0.012 0.055 0.000 ‐0.055
  Simulated 0.162 0.047 ‐0.116 0.276 0.099 ‐0.178 0.102 0.053 ‐0.049 0.064 0.000 ‐0.064 0.000 0.006 0.006 0.174 0.003 ‐0.170
  p‐value 0.000 0.000 0.997 0.006 0.000 0.277 0.062 0.055 0.639 0.000 1.000 0.921 0.000 0.018 0.000 0.000 1.000

JP Morgan Actual 0.292 0.097 ‐0.195 0.298 0.050 ‐0.248 0.120 0.067 ‐0.053 0.127 0.055 ‐0.073 0.145 0.104 ‐0.040 0.579 0.203 ‐0.376
  Simulated 0.235 0.206 ‐0.029 0.254 0.156 ‐0.099 0.106 0.099 ‐0.007 0.109 0.182 0.073 0.185 0.110 ‐0.075 0.395 0.437 0.042
  p‐value 1.000 0.000 0.000 0.978 0.000 0.000 0.767 0.017 0.038 0.716 0.000 0.000 0.067 0.402 0.820 1.000 0.000 0.000

Mizuho Actual 0.170 0.045 ‐0.125 0.129 0.090 ‐0.039 0.049 0.046 ‐0.004 0.064 0.000 ‐0.064 0.029 0.006 ‐0.023 0.453 0.016 ‐0.437
  Simulated 0.160 0.095 ‐0.065 0.151 0.066 ‐0.086 0.064 0.032 ‐0.032 0.073 0.009 ‐0.064 0.035 0.035 0.000 0.360 0.257 ‐0.103
  p‐value 0.828 0.000 0.000 0.083 0.963 0.981 0.138 0.871 0.937 0.348 0.000 0.500 0.325 0.000 0.051 0.999 0.000 0.000

Norinchukin Actual 0.143 0.056 ‐0.086 0.279 0.125 ‐0.154 0.173 0.060 ‐0.113 0.118 0.009 ‐0.109 0.006 0.000 ‐0.006 0.000 0.000 0.000
  Simulated 0.132 0.087 ‐0.045 0.281 0.180 ‐0.101 0.131 0.106 ‐0.025 0.100 0.036 ‐0.064 0.000 0.000 0.000 0.000 0.000 0.000
  p‐value 0.862 0.000 0.000 0.459 0.000 0.036 0.969 0.001 0.001 0.722 0.002 0.082 0.841 0.159

Rabobank Actual 0.002 0.000 ‐0.002 0.000 0.000 0.000 0.000 0.000 0.000 0.018 0.000 ‐0.018 0.000 0.000 0.000 0.000 0.000 0.000
  Simulated 0.001 0.002 0.001 0.000 0.000 0.000 0.000 0.000 0.000 0.009 0.018 0.009 0.000 0.000 0.000 0.000 0.000 0.000
  p‐value 0.760 0.000 0.018 0.761 0.000 0.017

RBOS Actual 0.283 0.095 ‐0.188 0.294 0.053 ‐0.241 0.028 0.014 ‐0.014 0.109 0.027 ‐0.082 0.168 0.243 0.075 0.624 0.174 ‐0.450
  Simulated 0.254 0.157 ‐0.098 0.254 0.127 ‐0.127 0.074 0.007 ‐0.067 0.136 0.073 ‐0.064 0.197 0.197 0.000 0.492 0.344 ‐0.148
  p‐value 0.989 0.000 0.000 0.966 0.000 0.000 0.000 0.842 1.000 0.181 0.002 0.299 0.156 0.920 0.938 1.000 0.000 0.000

Sumitomo Actual 0.108 0.075 ‐0.033 0.204 0.162 ‐0.042 0.060 0.046 ‐0.014 0.055 0.027 ‐0.027 0.000 0.000 0.000 0.090 0.032 ‐0.058
  Simulated 0.066 0.101 0.035 0.094 0.206 0.112 0.046 0.078 0.032 0.045 0.064 0.018 0.000 0.000 0.000 0.087 0.039 ‐0.048
  p‐value 1.000 0.000 0.000 1.000 0.006 0.000 0.840 0.006 0.010 0.662 0.011 0.049 0.578 0.261 0.311

Societe Generale Actual 0.073 0.050 ‐0.023 0.123 0.081 ‐0.042 0.060 0.032 ‐0.028 0.045 0.027 ‐0.018 0.064 0.012 ‐0.052 0.026 0.048 0.023
  Simulated 0.075 0.059 ‐0.016 0.127 0.092 ‐0.035 0.067 0.046 ‐0.021 0.018 0.036 0.018 0.092 0.035 ‐0.058 0.016 0.045 0.029
  p‐value 0.376 0.052 0.217 0.388 0.197 0.378 0.309 0.089 0.347 0.914 0.280 0.080 0.061 0.003 0.611 0.857 0.604 0.338

UBS Actual 0.137 0.113 ‐0.024 0.257 0.121 ‐0.136 0.117 0.088 ‐0.028 0.109 0.027 ‐0.082 0.104 0.156 0.052 0.010 0.132 0.122
  Simulated 0.159 0.118 ‐0.041 0.318 0.173 ‐0.145 0.124 0.110 ‐0.014 0.082 0.055 ‐0.027 0.133 0.133 0.000 0.000 0.058 0.058
  p‐value 0.012 0.303 0.895 0.002 0.000 0.622 0.356 0.106 0.300 0.819 0.041 0.058 0.108 0.798 0.910 0.958 1.000 0.999

WestLB Actual 0.125 0.116 ‐0.010 0.221 0.263 0.042 0.120 0.081 ‐0.039 0.055 0.027 ‐0.027 0.064 0.046 ‐0.017 0.048 0.000 ‐0.048
  Simulated 0.126 0.128 0.002 0.224 0.307 0.083 0.110 0.078 ‐0.032 0.045 0.018 ‐0.027 0.092 0.035 ‐0.058 0.045 0.003 ‐0.042
  p‐value 0.467 0.074 0.187 0.455 0.018 0.102 0.708 0.586 0.395 0.662 0.720 0.500 0.061 0.765 0.945 0.604 0.000 0.299

Notes: The table compares the frequency with which each bank's observed quotes fall into a bin of size b on either side of the 4th highest among the 15 other quotes with the same frequency derived from the fitted VAR model.  "Diff" is the difference between the 
frequency of falling into the right window and the frequency of falling into the left window.  p‐value gives the p‐value of the one‐sided t‐test that the observed cell count differs from the simulated 

Table 8b : All Bank Bunching at the 12th Highest Quote (3mo Yen) 



     
  3M  6M  12M 3M  6M  12M 3M  6M  12M 3M  6M  12M 3M  6M  12M 3M  6M  12M

Barclays Dollar  ‐‐‐ o ‐‐ +,‐‐‐ o ‐‐ ‐‐‐ o ‐ ‐‐‐ o ‐ ‐ o ‐ ‐ o o
  Yen + o ++,‐‐ o o ‐‐ ‐‐ o ‐ +++ o ‐ o o ‐ o o ++

Bank of America Dollar  +++,‐‐‐ +,‐‐‐ ‐‐‐ +++,‐‐‐ ++,‐‐‐ ‐‐ ‐‐‐ +,‐ ‐ ‐ + o o o ‐ o o o
  Yen o ‐ ‐‐‐ o ‐ ‐‐ ‐‐‐ o ‐ ++ o ‐ o o o o o o

Bank of Tokyo Dollar  +++,‐‐‐ o ‐‐ +,‐‐‐ + +,‐‐ ‐‐‐ ‐ ‐ o o o o o o ‐‐‐ o +
  Yen +',‐‐‐ o ‐‐ ‐‐‐ ‐‐ o + o ‐‐ o o o ‐‐ o o ‐‐‐ o o

Citigroup Dollar  ++,‐‐‐ ‐‐‐ +,‐‐ +,‐‐‐ ‐‐‐ ‐‐ ‐‐ +,‐ o o o ++ o o + ‐ o o
  Yen o ‐‐ ‐‐ +,‐' ‐‐ ‐‐ o o ‐ o o ‐ o o o ‐ ‐ ‐‐

CSFB Dollar  +++,‐‐‐ ‐ ‐ +++,‐‐‐ o o +,‐‐ ‐‐ ‐ + o + ‐‐ ‐ o ‐‐ o o
Yen N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A

Deutsche Bank Dollar  ‐‐ +,‐‐ ‐‐‐ ‐‐‐ +,‐‐‐ ‐‐‐ ‐‐ ‐‐ o ‐‐ ‐ o o o o o o o
  Yen ‐‐‐ ++,‐‐ ‐‐ ‐‐‐ ‐‐ ‐‐ o o o o o o o ‐‐ o ++ +++ o

HSBC Dollar  +,‐‐‐ o o +,‐‐‐ ‐ ‐‐ ‐ o ‐ ‐ ‐ o o o o o o o
  Yen o ‐‐ o o ‐‐ o + o o o o ‐‐ o o o ++ o o

Lloyds Dollar  +++,‐‐‐ ‐‐ ‐ +++,‐‐‐ ‐‐ o +,‐‐ o o o o o o o o o o o
  Yen ‐‐‐ o ‐‐ ‐‐‐ o o o o o o o o o ‐‐ ‐‐ ‐‐ o ‐‐‐

JP Morgan Dollar  ‐‐ ++,‐‐‐ ‐‐‐ ‐‐‐ ++,‐‐ ‐‐ ‐ ‐‐‐ ‐‐ o ++ ‐ o o o o o o
  Yen +++,‐ ++,‐ ++ ++,‐‐ ‐ ++,‐‐ + o o ++ o o o o o +++ ++ o

Mizuho Dollar  N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
  Yen ++,‐ ++ +++ o o o o o ‐‐ o o o o ++ o +,‐‐' +++ +++,‐

Norinchukin Dollar  ++,‐‐‐ o ‐‐ ++,‐‐‐ ‐‐ ‐ o o ‐ o o o o o o o o o
  Yen ++ ‐ + + ‐ o ++ o ++ o ‐‐‐ ‐ o ‐ o o o ‐‐

Rabobank Dollar  ‐‐‐ ‐‐‐ ‐‐‐ ‐‐‐ ‐‐‐ ‐‐ ‐‐‐ ‐‐‐ ‐‐ + ‐ + o o o ‐‐‐ o o
  Yen + o ++ o o o o o o + + o o o + o o o

RBOS Dollar  ‐‐‐ ++,‐ ‐ ++,‐‐‐ ++ ‐ ‐‐ ‐ o ‐‐ o o ‐‐ o ‐ o o o
  Yen ++,‐‐‐ ‐ o ++,‐‐ ‐‐ ++ ‐‐‐ ‐‐ o o o o o o +,‐‐ +++ o o

RBOC Dollar  ++,‐‐‐ +++,‐‐ ++,‐‐‐ +++,‐‐‐ +++ ++,‐‐‐ ‐‐‐ o ‐‐ ‐‐ ‐‐ ‐ ‐‐ o o o o o
Yen N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A

Sumitomo Dollar  N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
  Yen ++,‐‐‐ +,‐‐ o +++,‐‐ +,‐‐ o ++ ‐‐ o + o o o o o ‐ o o

Societe Generale Dollar  ++,‐‐‐ ‐‐ +,‐ ++,‐‐‐ ‐‐ ‐‐ ‐‐ ‐ o o o o o o + o o o
  Yen ‐ ‐ ‐‐‐ o o o o ‐‐ o ‐ o o ‐ o o o ‐ +,‐‐‐

UBS Dollar  +++,‐‐‐ ++,‐‐ ‐‐‐ +++,‐‐‐ +,‐‐ ‐‐‐ o o o ‐‐ o o o o o o o o
  Yen ‐‐ o +++,‐‐ ‐‐‐ ‐ +++ o o o o o o o o ‐‐ o o o

WestLB Dollar  ‐‐‐ o ‐ ‐‐‐ o o o o o o o o o o + o o o
  Yen o o o o o o o o ‐ o + o o o o o o o

9/2008‐1/2009 2/2009‐9/2009 10/2009‐1/2011

 Notes: Table summarizes bunching test results for 3M, 6M, and 12M tenors for both Yen and Dollar.  "+"'s indicate summary of upper pivot normalization tests, which suggest upward manipulation, "‐"'s indicate summary of lower pivot 
normalization tests, which suggest downward manipulation.  One mark indicates that the "Diff" test and at least one other of "Above" and "Below" was rejected at the 5% level.  Two marks indicate that the "Diff" test and one other test were 
rejected at the 1% level.  Three marks indicate all three tests were rejected at the 1% level. 

Table 9:  Summary of Bunching Tests Across Currencies and Tenors
All Periods 1/2005‐7/2007 8/2007‐8/2008



Figure 1: Libor - Eurodollar Bid Rate Spread 1/2005-7/2012

Notes:
Vertical lines indicate breaks used to discretely separate periods in empirical analysis.

Source: Bloomberg.
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Figure 2: Costs v. Quotes in the Model of Manipulation

Notes: The thick
dashed line represents the marginal benefit function v

8
G(q) as perceived by (symmetric)

manipulating banks e, f, h, and j in the complete information game. Thin dotted lines
emanating from manipulating bank costs represent those banks’ marginal cost of

misreporting function, δ(qi − ci).
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Figure 3: Simulated Distribution of Quotes Minus Daily 4th Highest of 15 Other Banks

Notes: Data simulated from 10000 runs of static complete information game. Underlying
costs drawn i.i.d. over time from a joint normal distribution with mean 1 and covariance
matrix equal to the empirical (data) distribution of quotes minus the daily average quote.

Manipulation incentives drawn from a mixture distribution with all incentives set to 0 with
4/5 probability and with 1/5 probability banks 1-12 receive an incentive independently

uniform distributed on [-1/24, 0].

3



Figure 4: All Banks: 3M Bank Quote Minus the 4th Highest of Fifteen Other Banks

Notes: Quotes normalized by subtracting the day’s 4th highest among the 15 other banks.
Dashed vertical line indicates bin to the right is the fraction of quotes that fall in the

interval [0, b) where b is equal to 1 basis point (.01 of a percentage point). The bin
immediately to the left of the dashed vertical line are those quotes that fall in the interval

[−.01, 0). White bins show the normalized distribution of the VAR model fitted quotes.
Source: Bloomberg.
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Figure 5: All Banks: 3M Bank Quote Minus the 12th Highest of Fifteen Other Banks

Notes: Quotes normalized by subtracting the day’s 12th highest among the 15 other banks.
Dashed vertical line indicates bin to the right is the fraction of quotes that fall in the

interval (0, b] where b is equal to 1 basis point (.01 of a percentage point). The bin
immediately to the left of the dashed vertical line are those quotes that fall in the interval

(−.01, 0]. White bins show the normalized distribution of the VAR model fitted quotes.
Source: Bloomberg.
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Figure 6: All Banks: 3M Quote minus 4th and 5th Highest of 20, 19, or 18 Other Banks
2/2011-7/2012

Notes: Quotes normalized by subtracting the day’s 4th highest among the 15 other banks.
Dashed vertical line indicates bin to the right is the fraction of quotes that fall in the

interval [0, b) where b is equal to 1 basis point (.01 of a percentage point). The bin
immediately to the left of the dashed vertical line are those quotes that fall in the interval
[−.01, 0). White bins show the normalized distribution of the VAR model fitted quotes. 20

banks participated in the panel in the top row, 19 in the middle, and 18 in the bottom
panel. Source: Bloomberg.
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Figure 7: All Banks: 3M Quote minus 12th and 16th or 14th Highest of 20, 19, or 18 Other
Banks 2/2011-7/2012

Notes: Quotes normalized by subtracting the day’s 12th highest among the 15 other banks.
Dashed vertical line indicates bin to the right is the fraction of quotes that fall in the

interval (0, b] where b is equal to 1 basis point (.01 of a percentage point). The bin
immediately to the left of the dashed vertical line are those quotes that fall in the interval
(−.01, 0]. White bins show the normalized distribution of the VAR model fitted quotes. 20

banks participated in the panel in the top row, 19 in the middle, and 18 in the bottom
panel. Source: Bloomberg.
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Figure 8: All Banks: 6M Bank Quote Minus the 4th Highest of Fifteen Other Banks

Notes: Quotes normalized by subtracting the day’s 4th highest among the 15 other banks.
Dashed vertical line indicates bin to the right is the fraction of quotes that fall in the

interval [0, b) where b is equal to 1 basis point (.01 of a percentage point). The bin
immediately to the left of the dashed vertical line are those quotes that fall in the interval

[−.01, 0). White bins show the normalized distribution of the VAR model fitted quotes.
Source: Bloomberg.
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Figure 9: All Banks: 6M Bank Quote Minus the 12th Highest of Fifteen Other Banks

Notes: Quotes normalized by subtracting the day’s 12th highest among the 15 other banks.
Dashed vertical line indicates bin to the right is the fraction of quotes that fall in the

interval (0, b] where b is equal to 1 basis point (.01 of a percentage point). The bin
immediately to the left of the dashed vertical line are those quotes that fall in the interval

(−.01, 0]. White bins show the normalized distribution of the VAR model fitted quotes.
Source: Bloomberg.
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Figure 10: All Banks: 1M Bank Quote Minus the 4th Highest of Fifteen Other Banks

Notes: Quotes normalized by subtracting the day’s 4th highest among the 15 other banks.
Dashed vertical line indicates bin to the right is the fraction of quotes that fall in the

interval [0, b) where b is equal to 1 basis point (.01 of a percentage point). The bin
immediately to the left of the dashed vertical line are those quotes that fall in the interval

[−.01, 0). White bins show the normalized distribution of the VAR model fitted quotes.
Source: Bloomberg.
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Figure 11: All Banks: 1M Bank Quote Minus the 12th Highest of Fifteen Other Banks

Notes: Quotes normalized by subtracting the day’s 12th highest among the 15 other banks.
Dashed vertical line indicates bin to the right is the fraction of quotes that fall in the

interval (0, b] where b is equal to 1 basis point (.01 of a percentage point). The bin
immediately to the left of the dashed vertical line are those quotes that fall in the interval

(−.01, 0]. White bins show the normalized distribution of the VAR model fitted quotes.
Source: Bloomberg.
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Figure 12: All Banks: 3M YEN Bank Quote Minus the 4th Highest of Fifteen Other Banks

Notes: Quotes normalized by subtracting the day’s 4th highest among the 15 other banks.
Dashed vertical line indicates bin to the right is the fraction of quotes that fall in the

interval [0, b) where b is equal to 1 basis point (.01 of a percentage point). The bin
immediately to the left of the dashed vertical line are those quotes that fall in the interval

[−.01, 0). White bins show the normalized distribution of the VAR model fitted quotes.
Source: Bloomberg.
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Figure 13: All Banks: 3M YEN Bank Quote Minus the 12th Highest of Fifteen Other Banks

Notes: Quotes normalized by subtracting the day’s 12th highest among the 15 other banks.
Dashed vertical line indicates bin to the right is the fraction of quotes that fall in the

interval (0, b] where b is equal to 1 basis point (.01 of a percentage point). The bin
immediately to the left of the dashed vertical line are those quotes that fall in the interval

(−.01, 0]. White bins show the normalized distribution of the VAR model fitted quotes.
Source: Bloomberg.
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Figure 14: All Banks: 6M YEN Bank Quote Minus the 4th Highest of Fifteen Other Banks

Notes: Quotes normalized by subtracting the day’s 4th highest among the 15 other banks.
Dashed vertical line indicates bin to the right is the fraction of quotes that fall in the

interval [0, b) where b is equal to 1 basis point (.01 of a percentage point). The bin
immediately to the left of the dashed vertical line are those quotes that fall in the interval

[−.01, 0). White bins show the normalized distribution of the VAR model fitted quotes.
Source: Bloomberg.
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Figure 15: All Banks: 6M YEN Bank Quote Minus the 12th Highest of Fifteen Other Banks

Notes: Quotes normalized by subtracting the day’s 12th highest among the 15 other banks.
Dashed vertical line indicates bin to the right is the fraction of quotes that fall in the

interval (0, b] where b is equal to 1 basis point (.01 of a percentage point). The bin
immediately to the left of the dashed vertical line are those quotes that fall in the interval

(−.01, 0]. White bins show the normalized distribution of the VAR model fitted quotes.
Source: Bloomberg.
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Figure 16: All Banks: 3M Smoothed Number of Banks At or Just Above and Just Below
the Pivotal Quotes

Notes: Smoothing over time using a triangular kernel with a 5 day bandwidth. Top
Panel-Blue: Smoothed actual number of banks with quotes in [s4, s4 + .01). Green:

Smoothed actual number of banks with quotes in [s4 − .01, s4). Red: Smoothed fitted
number of banks with quotes in [s4, s4 + .01). Black: Smoothed fitted number of banks

with quotes in [s4 − .01, s4). Bottom Panel-Blue: Smoothed actual number of banks with
quotes in (s12, s12 + .01]. Green: Smoothed actual number of banks with quotes in

[s12 − .01, s12). Red: Smoothed fitted number of banks with quotes in [s12, s12 + .01).
Black: Smoothed fitted number of banks with quotes in [s12 − .01, s12). Open circles show

the last Monday before the 3rd Wednesday of each month.
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Figure 17: All Banks: 6M Smoothed Number of Banks At or Just Above and Just Below
the Pivotal Quotes

Notes: Smoothing over time using a triangular kernel with a 5 day bandwidth. Top
Panel-Blue: Smoothed actual number of banks with quotes in [s4, s4 + .01). Green:

Smoothed actual number of banks with quotes in [s4 − .01, s4). Red: Smoothed fitted
number of banks with quotes in [s4, s4 + .01). Black: Smoothed fitted number of banks

with quotes in [s4 − .01, s4). Bottom Panel-Blue: Smoothed actual number of banks with
quotes in (s12, s12 + .01]. Green: Smoothed actual number of banks with quotes in

[s12 − .01, s12). Red: Smoothed fitted number of banks with quotes in [s12, s12 + .01).
Black: Smoothed fitted number of banks with quotes in [s12 − .01, s12). Open circles show

the last Monday before the 3rd Wednesday of each month.
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Figure 18: All Banks: 3M YEN Smoothed Number of Banks At or Just Above and Just
Below the Pivotal Quotes

Notes: Smoothing over time using a triangular kernel with a 5 day bandwidth. Top
Panel-Blue: Smoothed actual number of banks with quotes in [s4, s4 + .01). Green:

Smoothed actual number of banks with quotes in [s4 − .01, s4). Red: Smoothed fitted
number of banks with quotes in [s4, s4 + .01). Black: Smoothed fitted number of banks

with quotes in [s4 − .01, s4). Bottom Panel-Blue: Smoothed actual number of banks with
quotes in (s12, s12 + .01]. Green: Smoothed actual number of banks with quotes in

[s12 − .01, s12). Red: Smoothed fitted number of banks with quotes in [s12, s12 + .01).
Black: Smoothed fitted number of banks with quotes in [s12 − .01, s12).
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Figure 19: All Banks: 6M YEN Smoothed Number of Banks At or Just Above and Just
Below the Pivotal Quotes

Notes: Smoothing over time using a triangular kernel with a 5 day bandwidth. Top
Panel-Blue: Smoothed actual number of banks with quotes in [s4, s4 + .01). Green:

Smoothed actual number of banks with quotes in [s4 − .01, s4). Red: Smoothed fitted
number of banks with quotes in [s4, s4 + .01). Black: Smoothed fitted number of banks

with quotes in [s4 − .01, s4). Bottom Panel-Blue: Smoothed actual number of banks with
quotes in (s12, s12 + .01]. Green: Smoothed actual number of banks with quotes in

[s12 − .01, s12). Red: Smoothed fitted number of banks with quotes in [s12, s12 + .01).
Black: Smoothed fitted number of banks with quotes in [s12 − .01, s12).
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Figure 20: All Banks: 3M Rolling Bunching Test

Notes: Smoothing over time using a triangular kernel with a 15 day bandwidth. Top panel-
An open circle in the a bank’s row indicates the smoothed probability of a bank’s quote

falling in the bin [0, .01) above the day’s fourth highest quote is greater than the smoothed
probability of its fitted quote at the 95% level in a one sided two sample t-test and the
difference in the smoothed probability of falling into the bin above and the smoothed

probability of falling in the bin below is greater than the corresponding fitted value at the
95% level in a one sided two sample t-test (Note this is not a joint test of the 2 conditions).

Bottom panel- Same criteria for quotes normalized by the 12th highest.
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Figure 21: All Banks: 6M Rolling Bunching Test

Notes: Notes: Smoothing over time using a triangular kernel with a 15 day bandwidth.
Top panel- An open circle in the a bank’s row indicates the smoothed probability of a

bank’s quote falling in the bin [0, .01) above the day’s fourth highest quote is greater than
the smoothed probability of its fitted quote at the 95% level in a one sided two sample

t-test and the difference in the smoothed probability of falling into the bin above and the
smoothed probability of falling in the bin below is greater than the corresponding fitted

value at the 95% level in a one sided two sample t-test (Note this is not a joint test of the 2
conditions). Bottom panel- Same criteria for quotes normalized by the 12th highest.
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Figure 22: All Banks: 3M YEN Rolling Bunching Test

Notes: Smoothing over time using a triangular kernel with a 15 day bandwidth. Top panel-
An open circle in the a bank’s row indicates the smoothed probability of a bank’s quote

falling in the bin [0, .01) above the day’s fourth highest quote is greater than the smoothed
probability of its fitted quote at the 95% level in a one sided two sample t-test and the
difference in the smoothed probability of falling into the bin above and the smoothed

probability of falling in the bin below is greater than the corresponding fitted value at the
95% level in a one sided two sample t-test (Note this is not a joint test of the 2 conditions).

Bottom panel- Same criteria for quotes normalized by the 12th highest.
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Figure 23: All Banks: 6M YEN Rolling Bunching Test

Notes: Notes: Smoothing over time using a triangular kernel with a 15 day bandwidth.
Top panel- An open circle in the a bank’s row indicates the smoothed probability of a

bank’s quote falling in the bin [0, .01) above the day’s fourth highest quote is greater than
the smoothed probability of its fitted quote at the 95% level in a one sided two sample

t-test and the difference in the smoothed probability of falling into the bin above and the
smoothed probability of falling in the bin below is greater than the corresponding fitted

value at the 95% level in a one sided two sample t-test (Note this is not a joint test of the 2
conditions). Bottom panel- Same criteria for quotes normalized by the 12th highest.
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