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Abstract
L earning and Bandwagonsin Monetary Policy Committees

We use records from Federal Open Market Committee (FORE&Yings to
investigate the existence of bandwagons in monetaryypddicision-making in the
period from 1970 — 1978 when Arthur Burns served as Chairmafird/propose a
model of Bayesian learning in which bandwagons can arisn,Tas an alternative, we
investigate bandwagons in which members defer to an emegasgresus. Neither
model is supported by the data, suggesting that bandwagonsat@re important

feature of monetary policy deliberations in the Burras er



Introduction

It has been argued that committees may make bettertangmslicy decisions
than individuals- Blinder (2007, p. 121) makes the case succinctly when he shate
“picking an individual central bank head is a bit like istweg your entire portfolio in a
single stock ... It pays to diversify your central banktfodio.” Deliberation by a
committee should result in broad dissemination of méttion, learning, and better-
informed policy choices.

This paper investigates learning and bandwagons in meetings Béteral Open
Market Committee (FOMC), the policymaking committeeref Federal Reserve. Our
analysis uses FOMC records that reveal the stated/ga®itions of individual
Committee members and the order in which those membeéke spa series of meetings.
Our data set is from the 1970 — 1978 era in which Arthur Burneg@s Chairman. The
Burns era data are well-suited to our purposes becauss Bunlike Alan Greenspan)
did not routinely speak first in the order—this featof¢he data can permit us to better

distinguish a bandwagon phenomenon that is distioat ieference to the Chairman.

! Blinder and Morgan (2005), Gerlach-Kristen (2006), and LombarBebudman and
Talbot (2005) have presented evidence supporting this proposition

2 Sibert (2006), following Banerjee (1992) and BikhchandangHtgifer, and Welch
(1998), provides a counterexample in which an informatiocackscan limit the
revelation of information in a monetary policy comied. We discuss this possibility

further in Section IV.



Members’ recorded policy preferences ranged widely imBera meetings and
discussions were not highly formal or scripted, so FOREords offer appealing
opportunities for the investigation of intra-meeting dyics.

We initially propose a model of Bayesian learning in Whdandwagons can arise
as members sequentially reveal their desired interestagets in a meeting. The model
has implications for the structure of error covaria@eross members and meetings in a
panel data regression explaining members’ interest raferpnces. As an alternative, we
investigate bandwagons in which members might defer tonenging consensus, even
when that consensus choice might conflict with anviddial’'s Bayesian logic. We find

no evidence of bandwagons of either variety.

. Data

Our data set consists of desired interest rate taeisdividual FOMC
members over the complete series of Burns era meetinhalso a record of the order of
speaking in each of those meetings. For February 1970 thMagin 1976, the data
were obtained from the Committedveemoranda of Discussion. For April 1976 through
February 1978, the data were obtained from meeting trpts¢available from Arthur
Burns’s personal papers archived in the Gerald Ford Présibieibrary). Both sources
provide detailed descriptions of members’ statements ofrpeefeolicy options in the
course of the policy go-around.

Burns era FOMC meetings normally followed a standard pohtd he
consideration of monetary policy began with a staffpneation discussing economic
conditions, forecasts, and possible policy options. kalig the staff presentation,

individual members offered their own impressions of eauo@onditions, with district



Reserve Bank presidents emphasizing conditions inrgg@mns. The economics
discussion was followed by the policy go-around, in whieéminers offered and
defended their own preferred policy options, normally esged as a target range for the
federal funds rate. The order in which members spokeeigd-around varied across
meetings.

Our data are derived from statements attributed to menrb#re policy go-
around. We recorded numerical targets from the originakes for members who
(1) explicitly stated a desired range for the fedaradl§ rate, (2) stated a preference for
one of the Board staff's policy scenarios that haéxiicit funds rate target range, or
(3) stated agreement with a member who had previouslyithertified with a funds rate
target range through (1) or (2). We then calculated aeswaued target for each
member’s desired federal funds rate as the midpoint athisd target range. Using this
classification scheme, we were able to identify mesilmbrsired federal funds rates
directly from the information provided in the textuatord in 1426 of 1782 (80.0%)
member-meeting observations, including both voting and tingsmembers of the
Committee. Our sample includes all member-meeting olbisengavhere a target rate
could be coded. On some occasions, members spoke severmirtinsingle meeting. In
these cases, the portion of the text that revealedterest rate preference was used to

determine a member’s position in the speaking otder.

% When Burns spoke late in a meeting, he often summattizediscussion and proposed
a rate for the directive without clearly indicating bisn preference. In such cases (when
Burns spoke in the second half of the order), we codee gpreference for him only if

he explicitly indicated that his proposed rate was Ws preference. Additional details



[Il. A Model of Bayesian Learning

This section presents a model of Bayesian learning inhndommittee members
speak sequentially in a meeting. In this model, each memalsgurivate information
about the appropriate setting for the committee’s istewde target, and later speakers

have an opportunity to learn from the statements madarbgrespeakers.

Letting R, refer to the stated interest rate target ofitheommittee member to
speak in meeting we assume that

R, =R +U,. (1)
In this equation R, indicates the “normal” interest rate that speakeould favor in
meetingt, given prevailing observed macroeconomic conditions, whilés a
discretionary deviation fronR, that reflects non-public information available to speaker
i. We want to consider how, is determined for each speaker.

We further assume that each speaker in the meetingesaeprivate signal,

denotede, , of the optimal deviation from the normal interesterfor period. The
optimal deviation, designates], is not observed, but is the same for all committee
members. The distribution of the sigrel is normal with known variance” and a
mean ofe¢, ; the latter condition implies th&, is an unbiased signal @f. Further,¢, is

itself a time-varying random variable; in each perigdis drawn from a normal

on our data and our process for coding individual membersedefgderal funds rates

can be found in Chappell, McGregor, and Vermilyea (2004, 2005, 2007).



distribution with mean zero and variance. The problem facing each speaké to

calculate an expected value fgr, given knowledge of the signal and the prior
distribution of &, .

Consider the problem for the first speaker in the mgeSpeaker 1 observes
and knows the prior distribution from which this signadiawn. He will determine a
desired interest ratd}, = R, +u,, whereu, =E(¢, |e,) is given by the solution to a
Bayesian updating problem, as shown below:

U, =E(sle)=— e, )

2 + Z.2
More weight is attached to the signg|,, when the prior distribution of, is more

diffuse (r* is high) and when the signal has less noise i smaller).

Now consider the problem facing the second cornemithember to speak.

Speaker 2 knows that speaker 1 has advocatedshtateR, . Assuming that speaker 2
also knowsR, (that is, she knows the normal preferences ofkael), then speaker 2

can inferu, =R, - R, * Further, knowingu,, , speaker 2 can use equation (2) to infer

* Historically, there have been well-known differeadn policy preferences across
FOMC members. For example, in the Burns yeard,dtis Fed President Darryl Francis
was known for a systematic tendency to favor mageightness, while Governor

Sherman Maisel was more likely to favor ease.



what signal,e, , must have been received by speaker 1. Speaker 2 alse@scariv
independent signak,,, so she has knowledge of two signals rather than one.

Speaker 2 wishes to calculate her desired interestRate,R, +u,, . Based on
her knowledge of the two signals, she will sgt= E(‘st le, ,ez) . Again, this is a

Bayesian updating problem with the solution

r’ +
um=E&qu%)=U”2+ﬁ(%2%ﬂ. (3)

This solution is analogous to that in equation @Jering only because speaker 2

updates on the basis of two signals rather thanBysimilar reasoning, the" speaker

in a meeting can infer the signals received bymdteding speakers and will determine a

desired interest raté}, = R, +u,, such that

2 +e, +..1+§,
uit=E(€tI%’ezw---’qt)zgz/iﬂz(% o aj_ (4)

We can also calculate a covariance matdy, for theu, error terms appearing

in equation (1). Elements &f, are given by

¢ = E(uu)=— r N P (5)
! I max(iLj)\ o i+ )\ ot lj+T? )T

Elements of this matrix are necessarily positivariahces (i.e., the, elements of the

matrix) can either increase or decrease witfhe error correlation for a pair of speakers



is higher when the two speakers are closer to one @niotthe order and when both
speak later in the order.

Turning to econometric estimation, again consider equétiprwhich describes
the preferred interest rate of tHespeaker in a meeting:

R =R +u,. (1)
Over time, different individuals populate the commithee the speaking order varies,

with the implication that thé" speaker is a different person across meetings. getim

indexk refer to distinct individuals serving across meetingsdafene a set of dummy

variables,d,, , for k=1...,K , such thatd,, =1 when thei" speaker in meetingis
individualk; otherwised,, =0. We now specify that speakiés normal interest rate for

meetingt can be represented by
_ K
R :zakdkit Vi, (6)
k=1

where a, is an individual-specific intercept ang is a time fixed effect. Substituting

equation (6) into equation (1) yields

K
R, = zakdkit TV U (7)

k=1

® Elements of the error correlation matrix dependheither g nor 7% ; those elements
are given byp, :\/ﬁ/max(i ,j) . For a givenj (indexing the second of two speakers), the

correlation is higher wheinis closer tg. For a given differencgsi, the correlation is

higher wherj is higher.



Given a sample of desired interest rates for individu@hetary policy committee
members in a sequence of meetings, we can estimateoeqifat This is a linear
regression model specifying that the desired interestaagpeaker in meetingt is a

function of time and member fixed effects and the empr,

We want to test the Bayesian bandwagon hypothesis, wiadimve shown has

implications for the structure of the covariance matf the u, . Equation (5) describes

error covariances for members within a meeting; coneeia for error terms across
meetings will equal zero. For a data set that pools mesnbers and meetings, stacks
meetings, and orders members by speaking position withinngdsticks, the error
covariance matrix will be block diagonal, with meetbigcks consisting of entries

described by equation (5). That is, the error covariaratedrfor the complete sample,

U, will have blocks for meetings),, U,, ..., U;, such that
u o0 0
o U, -~ 0
Uslo i | ©)
0 O U,
with each block taking the form
i Gy Cp = Cp ]
= = . (9)
_CNtl CaiN,

In equation (9),N, indicates the number of speakers in meetiagd the elements;

are determined by equation (5).



Given this structure, the regression model (7) is annostaf the general linear
model, with a covariance matrix whose elements depenteparameters® and o”. If
r? and g® were known, equation (7) could be estimated by generatzetl $quares

(GLS). In the current application, estimatesrbfand o® are of central concern, so we
will estimate all parameters by the maximum likelihooethod.

To test the model, we embed it in a more general fatmounl and then determine
if the special case can be rejected. For this purposepmgder a simple extension in

which an additional white noise error term, is appended to equation (7):
. K
R = zakdkit TV U 7. (10)
k=1

In this equationz, is assumed to be normal with mean zero and varighce
Expressions for composite error covariances for duggon are identical to those given
in equation (5); variances are each highewby In the special case wherd =0,

equation (4) implies that, terms disappear from the model. Equation (10) the

becomes the classical linear regression modelavitbnstant error variance) and

® The composite error term in the equatiomijs- z,. Covariances of the composite error
term are given byE| (u, +2,)(u; +z,) | = E[uu; ] = Cov(u,u,) fori# j. The
variance of the composite error term is givenEt{)(uit + ;t)z} = E(uif) + E(;f)

=Var (uﬁ)+y2.

10



zero error covariances. In contrastyif=0, z, disappears from the model, and the
original Bayesian bandwagon model holds.

Equation (10) can be regarded as a convenient econometeiageation of
equation (7); however, it can also be given a behahliimexpretation. Suppose that each
committee member receives two signals in a meetidglaat both signals are revealed to
the full committee in the policy go-around. One sigm®gl, contains information that is
relevant to all members of the committee, as in oigiral model. However, the second
signal is idiosyncratic and irrelevant for members sipgp#tfteri. For example, speaker
might report that he has learned the terms of a wagt&act negotiated by a large
corporation—this might be relevant information foraaid reflected ire, . He might also
report that sunspot activity has increased and that beiatss sunspots with expansions.

Sunspots would presumably influence his rate preferenceghrthez, error component

without influencing the decisions of othérs.

" The FOMC transcripts provide evidence that membersréiffin the information they
considered relevant. For example, Burns once derided & Eed President Lawrence
Roos for relying on the monetarist-inspired St. Louigdasting model. Burns said, “I
would have liked your comments better if you had not basaadthe model. The St.
Louis model does not get high marks for its predictive polmdact, it gets very low
marks in the economics professio?QMC Transcripts, January 17, 1977, Tape 6, p.

20).

11



V.  Noteson Strategic Behavior and Information Cascades

Our model of Bayesian learning has implicitly assumeatl $peakers truthfully
report interest rate preferences and that subsequent speakecsly infer signals. For
several reasons, we believe that the assumptiantbful reporting is a reasonable one.
First, if a committee member systematically oveestgbr understated) desired rates over

a series of meetings, this would not influence othings would simply change the
normal rate expected for membeR, . Second, in our model, all members receive

signals of similar quality. If each member wants thengittee as a whole to reach the
best collective decision, no member would attach gréagsortance to his signal than to
the signals of others, and there would be no reasorsteport. Finally, in many cases, it
would be reasonable to assume that members’ signalemiiable. If a signal is
reported in published data or can be checked with an origghatiurce, any incentive to
misreport would be reduced.

A second issue involves the possible existence of infeomatscades, in which
herding eliminates learnirfgln an information cascade, an individual rationallydges
his own signal in choosing an action; as a consequsnbsgquent actors cannot learn
from his choice. However, information cascades occw whken the actions of

individuals do not fully reveal signals that they havesne=d. In the model we have

8 See Banerjee (1992) for a seminal contribution and Bikiura, Hirshleifer, and
Welch (1998) for a discussion of the information cascaéa@menon. Anderson and
Holt (1997), Hung and Plott (2001), Noth and Weber (2003), and Ali¢argh, and List

(2007) provide experimental evidence on information cascades.

12



presented, later speakers perfectly infer the signals/eecby their predecessors. This is
a consequence of the assumption that speakers announoce@asitrather than discrete,
interest rate preferencés.

This discussion of information cascades implies thaexent of “discreteness”
in policy options may be an important matter. In ther8 era, the funds rate floated
within ranges between meetings, and the range of adiexcated by members within
meetings was often wide. For example, in February 1%&0fifist meeting in our
sample), the 14 members whose preferences were codedhsativice different funds
rate target values in an interval spanning 100 basis poinesn @ese characteristics of
the data, we believe that it is appropriate to treahb@es’ target rates as continuous

variables.

V. Econometric Results
In Table 1, we report maximum likelihood estimates o&paaters of our general
specification and also the special case corresponditing tBayesian bandwagon model.

The table does not report member fixed effeéts=61) or time fixed effectsT= 99

which are similar across specifications. The iteegprocedure that we use in estimation

® As Bikhchandani, Hirshleifer, and Welch (1998159) conclude, “if the set of action
alternatives is continuous ... private signals capdxectly inferred from actions,
information aggregates efficiently, and cascadesaldorm.” However, even if
information aggregates efficiently as successieakers state desired targets, positions

taken by earlier speakers incorporate less infaomahan those taken by later ones.

13



does not directly provide coefficient standard errors, sstead report the results of
likelihood ratio tests for hypotheses of interest.

The first column of the table reports estimates obgeeralized model, which are

not favorable for Bayesian bandwagons. In particuter estimate of? is equal to zero
(as a variance, it cannot be less than zero). Thmé corresponds to the special case
of the classical regression model, in which errorarares are constant and covariances
equal zero. The requirement that covariances be posias a key implication of the
bandwagon hypothesis, and that prediction is not supported.

In the table’s second column, we impose the bandwagaleinestriction that

y? =0. That restriction is overwhelmingly rejectegr((1) = 929.1¢, p =0.0000), and

estimates of the other model parameters are nsitdermn terms of the underlying

model. The estimates imply that both the priorrdistion for & and signals of its level

are essentially uninformative.

A cursory analysis of sample covariances from O¢siduals of equation (7)
reinforces our conclusions about Bayesian bandwaddhl71 non-diagonal elements of
the sample covariance matrix, 111 entries are negavith an average covariance of
-0.0018 and an average correlation of -0.0735.d lseno evidence to support the
hypothesis that off-diagonal elements of the ecoMariance matrix are positive, as
required by the Bayesian bandwagon theory. Beddnesmodel developed in section IlI
is restrictive, the rejection of that specific stgdformulation of Bayesian bandwagons is
not surprising. However, less restrictive modela/mch individuals are “imperfect”

Bayesians should also imply the existence of p@s@iror covariances. Their absence

14



suggests that bandwagons based on more general formgesi&alearning were not an
important feature of FOMC deliberations in the Burns gear

Our analysis has so far neglected any special rolentiggit exist for the FOMC'’s
Chairman. In our sample, Chairman Burns most often seitter first or last’ When
Burns spoke first, his position would be observable tdralh. model of Bayesian
learning, the information provided would also be identicabif and its effects should
be captured by the meeting-specific fixed effects includédamodel. When Burns
spoke last, his position would affect no one, just &g Wivere a rank-and-file member.
Consequently, our tests for the presence of bandwagetikely to be robust to the
omission of Chairman-specific effects in the model.

The last column of Table 1 provides additional evidenceatsatonclusions are

not dependent on our handling of the Chairman. Therepat estimates of a
specification identical to that of column 1 (the geneeal bandwagon model), but we
estimate over a sample that excludes 37 meetings in whaecBhairman spoke in the
first half of the order. This leaves us with a sangdl862 individual rate observations in
62 meetings where the Chairman’s remarks in the go-anvaottl not have influenced

most speakers. The results of the estimation reinfoucearlier findings. Again the

191n 63 meetings where a preference was coded for Burrspdhe either first or last 41
(65.1%) times.

'We are not arguing that the Chairman has no influenaathers. Rather, we suggest
that evidence of bandwagons based on the sequence of stistbymneank-and-file

members is unlikely to be affected by the presence @nabwf the Chairman’s power.

15



estimate ofr® is equal to zero, implying that error covariances equalaeto

contradicting the prediction of the Bayesian bandwagopsthesis.

VI.  An Alternative M odéel

The character of bandwagons might be rather different those modeled by the
theory of section Ill. In that model, bandwagons réfldaconvergence of information
over a sequence of speakers. However, bandwagons mitjidught of in terms of
converging policy positions rather than converging infation.

Consider a concrete example to distinguish these amdveagon types. Assume that
in the absence of information from others, my bestguesild be that the federal funds
rate should be set at 5.00% in this meeting. Now suppat&thLouis Fed President
Darryl Francis (a Burns era FOMC member) has spokendefe and advocated a rate
of 5.25%. A bandwagon reflecting consensual tendencieivgoglgest that, after
hearing Francis, | should favor a policy that movesvalb.00% and toward 5.25%.

However, Francis was well known for his aversiomtitation and a resulting
tendency to favor high interest rates. Under prevailingitmns, suppose that Francis
would normally have favored a rate of 5.50%. Since Fraatiglly favored a rate of
5.25%, | infer that his private information indicatest tids is a time for easier policy
than normal, and | should favor easier policy as Wélérefore, | should favor a rate
below 5.00%, not above it. This is the logic of the Bigme bandwagons model of
section IlI.

Results were not favorable to the Bayesian bandwagguthmesis, but we have not
ruled out the existence of bandwagons based on consenicpalcpovergence. To that

end, we now modify equation (1) as follows:

16



R =R +u +B|R ~(R +y,)|, 0=B=<L (11)
In equation (11) R, is the average policy position of all members who rspaken

before speakarin meetingt. The error termy. , is now assumed to be a white noise

it ?
disturbance; it is not derived from the Bayesialowdas of section Ill. The equation
implies that speakeradjusts his stated target rate to eliminate aqfatte gap between

the average rate advocated by preceding speakegtisaawn initially preferred rate,

R, +u,. Substituting (6) forR, and rearranging, we obtain

Rt :(1_ﬁ)(zakditk+vtj+ﬁét+(1_ﬁ)uit' (12)

This equation describes a regression of membegetaterest rates on member and
meeting fixed effects and cﬁh Support for bandwagons based on policy convemenc
would be indicated by a value @ that is greater than zero and less than one.

To estimate (12), we exclude the first speakeaich meeting from the sample,
becauseR, is not observed for the first speaker. Our congewith the estimate of,
so complete results for the estimation of (12)rerereported. The estimation produces a
perversely negative and significant estimatq.@o{,@ =-0.540], t =-6.5822). We have
also estimated generalizations of (12) in whighs a function of the number of

individuals speaking before speakeéf Estimates of these models also imply negative or

12 When g is a function of the number speaking befiorde specification of (11) implies

that the equation error term is heteroscedastich&Ve accounted for heteroscedasticity

in our estimation.
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small values for3.* We earlier found no support for the existence of bandnspased

on Bayesian learning; we now find no support for bandwagoresl ltasconsensus-
seeking. We should emphasize that this does not implgdmsensual pressures are
absent from FOMC deliberations. Consensus may be producedgotine policy go-
around, or consensus may be achieved at the voting stddellbws the go-around. Our
result indicates that we do not see consensual presdated to the speaking order as the

policy go-around proceeds.

VIl. Conclusions

Using data gleaned from FOMC deliberations, we assemhlatbaset that
describes individual Committee members’ stated monetdigygweferences and the
order in which members spoke in a series of meetingghéveused that data to test a
model of Bayesian learning, in which private informat®mnevealed as members speak
sequentially in a meeting. Our test is based on impicatof the model for the structure
of error covariances in a panel data regression explaingrgbers’ stated interest rate
targets over a series of meetings. That model wasglir rejected by the data. We then
proposed an alternative model in which pressures for neaserather than learning,

could produce bandwagons, but that model was also rejected.

13 There is one partial exception. Whghis assumed to be a logistic function of the
number of speakers, and thereby constrained to the zene tioterval, the estimates
imply large (0.25 and higher) values Bffor speakers in positions 16 and higher in the

order. However, in most meetings, the number of codeskspe was less than 16, and

the overall fit of this model was poor.

18



Our results fail to support the proposition that laperakers are influenced by
earlier speakers in the FOMC'’s policy go-around. This doésiecessarily imply that
members act in a completely independent fashion. A flleusiterpretation of our
results is that all useful information is fully reted prior to the policy go-around, rather
than as the policy go-around proceeds. This interpretatartd be consistent with the
existence of efficient information dissemination asr@@mmittee members under

existing institutions.

19



Table 1. Resultsfor the Bayesian Bandwagon M odel

Parameter Generalized Bandwagon Generalized

Model Model Model, Burns
Speaks Lafe

2 0.0000 4.0041 0.0000

o2 NAP 182.4117 NA

% 0.0334 0.6 0.04162

Number of 1426 1426 862

Observations

Log- 400.92 -63.64 147.19

likelihood

@Parameter value is restricted to the value shown.
®When 72 =0, ¢? is not identified.
“The sample excludes meetings in which Burns spokesifirst half of the order.

20
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