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Abstract

How does transparency, a key feature of central bank design, affect monetary poli-
cymakers deliberations? We answer this question with a natural experiment in the
Federal Open Market Committee in 1993 and computational linguistics algorithms.
Theory predicts a positive discipline effect and negative conformity effect. We first
find large behavioural responses to transparency. We then propose a difference-in-
differences approach inspired by the career concerns literature, and find evidence
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1 Introduction

In this paper we study how transparency, a key feature of central bank design, affects the

deliberation of monetary policymakers on the Federal Open Market Committee (FOMC).

In other words, we ask: what are the effects on internal deliberation of greater external

communication? Deliberation takes up the vast majority of the FOMC’s time and is

seen by former members as important for the ultimate decision (see Meyer 2004, for

example), but yet it remains little studied beyond anecdotal accounts. Determining how

monetary policy committees deliberate, and how this depends on central bank design, is

therefore important for understanding monetary policy decision making.1 These issues

have likely become even more important with the growing establishment of financial policy

committees and the potential need to share information across central bank committees

with different objectives.

As table 1 shows, as of 2014 there was heterogeneity across three major central banks

in terms of how detailed were the descriptions of policy meetings put on the public

record, a major aspect of procedural transparency (Geraats 2002). At the same time,

Geraats (2009) notes a general rise in procedural transparency across central banks. This

tendency is also evident in the ECB and the Bank of England. Current ECB president

Mario Draghi has said that “it would be wise to have a richer communication about

the rationale behind the decisions that the governing council takes” (Financial Times

2013), and in this spirit the ECB has committed to release more detailed accounts of

its meetings (but not full transcripts) in the future.2 Moreover, the Bank of England

has recently announced major reforms to its disclosure policy that will make it more

transparent, including the partial publishing of transcripts.

Table 1: Information made available by different central banks as of 2014

Federal Reserve Bank of England European Central Bank
Release Minutes? X X X
Release Transcripts? X X X

In spite of this increase in transparency, whether more transparency is always bene-

ficial is an open question. In fact, policymakers and academics have identified potential

negative, as well as positive, effects of an increase in how much information about the

internal workings of a central bank is revealed to the public. On the negative side, a

1Of course, policy makers’ decisions remain an output of interest, and a growing complementary
literature takes observed policy choices in both experimental (e.g. Blinder and Morgan 2005, Lombardelli,
Proudman, and Talbot 2005) and actual committees (e.g. Hansen, McMahon, and Velasco 2014, Hansen
and McMahon 2015) and uses them to address central bank design questions.

2Minutes of the ECB’s governing council meetings are not published, though the monetary policy
decision is explained at a press conference led by the ECB President after the meeting. The minutes are
supposed to be released eventually after a 30-year lag.
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large career concerns literature emphasizes that transparency leads agents—and mone-

tary policymakers specifically—to distort their decisions either by engaging in herding

and conformism (Prat 2005, Visser and Swank 2007) or in anti-herding and exaggera-

tion (Prendergast and Stole 1996, Levy 2004, 2007). The empirical literature examining

transparency has tended to emphasize this negative effect, in particular conformity. For

example, Meade and Stasavage (2008) argue that the tendency to dissent from the Chair-

man on the FOMC decreases with transparency, while Fehrler and Hughes (2015) provide

experimental evidence of conformity. Finally, policymakers themselves appear to worry

about the potential for transparency to stifle discussion. Before the Fed had released

transcripts, Alan Greenspan expressed his views to the Senate Banking Committee (our

emphasis) as follows:

“A considerable amount of free discussion and probing questioning

by the participants of each other and of key FOMC staff members

takes place. In the wide-ranging debate, new ideas are often tested, many

of which are rejected ... The prevailing views of many participants

change as evidence and insights emerge.This process has proven to be

a very effective procedure for gaining a consensus ... It could not function

effectively if participants had to be concerned that their half-thought-through,

but nonetheless potentially valuable, notions would soon be made public. I

fear in such a situation the public record would be a sterile set

of bland pronouncements scarcely capturing the necessary debates

which are required of monetary policymaking.” Greenspan (1993), as

reported in Meade and Stasavage (2008).

On the positive side, there is a broad argument that transparency increases the ac-

countability of policymakers, and induces them to work harder and behave better. This

argument has been explicitly applied to central banking (see Transparency International

2012, for example), and even the ECB, the least open of the large central banks, states

that: “Facilitating public scrutiny of monetary policy actions enhances the incentives for

the decision-making bodies to fulfill their mandates in the best possible manner.”3 At the

same time, there is less overall emphasis on this idea in recent empirical work on central

bank transparency than the negative, information-distortion effect. Nevertheless, it is

wholly consistent with the career concerns literature: in the canonical Holmström (1999)

model, the more precise the signal the principal observes about the agent, the higher the

equilibrium effort of the agent. This is termed the discipline effect in agency theory.

Of course, it is possible that both effects—discipline and information distortion—operate

simultaneously, in which case one should ask whether on balance more disclosure improves

3From http://www.ecb.europa.eu/ecb/orga/transparency/html/index.en.html.
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or worsens information aggregation. The key innovation of this paper is to use text data

from verbatim FOMC transcripts to explore these issues. Since text is inherently high

dimensional, one can explore behavioral responses to transparency in a multitude of ways,

which allows one to separate out different theoretical effects more clearly than is possible

from a unidimensional object like an interest rate preference.

In order to study transparency, we use the natural experiment that led to the release

of the FOMC transcripts, as do Meade and Stasavage (2008). As we describe in more

detail later, FOMC meetings have been tape-recorded since the 1970s to prepare minutes.

Initially though, committee members believed that these tapes were erased afterwards.

Then in 1993, following pressure from the US Senate, Alan Greenspan discovered and

revealed that in fact the tapes had been transcribed and stored in archives all along.

The Fed quickly agreed to publish all past transcripts, and all future transcripts with a

five-year lag. This gives one access to periods both when policymakers did and did not

believe their deliberations would be public.

To quantify text, we use both basic character counts, but also probabilistic topic

models, a class of machine learning algorithms for information retrieval that decomposes

documents in terms of the fraction of time spent covering a variety of topics. FOMC

meetings have two major parts related to the monetary policy decision: the economic

situation discussion (which we label FOMC1) followed by the policy debate (FOMC2).

We generate counts and topic coverage at the meeting-speaker-section level, and use them

to make three distinct contributions.

First, we show large behavioral responses to transparency along many dimensions.

The most striking results are that meetings become more formal and scripted; more

quantitatively-oriented; and that the amount of interjections in the debate in FOMC2

declines remarkably. This in itself is an important finding since it suggests that trans-

parency matters a great deal for deliberation.

Linking the average effect of transparency to career concerns is challenging in the

FOMC context because the macroeconomy (and therefore discussions surrounding it) is

non-stationary, with trends and cycles, and these may drive average differences rather

than reputation concerns. Our second contribution is to conduct a difference-in-differences

analysis with time fixed effects. We use members’ experience in monetary policymaking

as a proxy for career concerns, as the literature predicts career concerns decline with

experience. We find that less experienced members speak more quantitatively in FOMC1

while also discussing a broader range of topics; and in FOMC2 they make fewer interjec-

tions, discuss fewer topics, and speak more like Alan Greenspan. We believe this presents

compelling evidence that career concerns are indeed at the heart of observed responses

to transparency.

Third, the results are consistent with less experienced members’ bringing additional
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hard information to FOMC1 after transparency, but then engaging in conformity in

FOMC2. In other words, both the discipline and information-distortion effects appear

present in the data. To compare the two effects, we propose an influence score in the

spirit of the PageRank algorithm. After transparency, more inexperienced members be-

come more influential in terms of their colleagues’ (and particularly Alan Greenspan’s)

topic coverage, indicating that their statements contain relatively more information after

transparency than before.

The ultimate message of the paper is that career concerns matter for how policymak-

ers respond to transparency. Moreover, while we present evidence strongly indicating the

presence of a negative conformity effect among rookie members, the fact that they nev-

ertheless become more influential in shaping debate suggests that the positive discipline

effect is as, if not more, relevant for affecting their underlying information sets. This is

notable since, in our view, the discipline effect has received less attention in academic

discussions surrounding transparency in monetary policy.

Our paper also makes a methodological contribution by introducing Latent Dirichlet

Allocation (LDA) (Blei, Ng, and Jordan 2003) to the economics literature. LDA is a

widely used topic model and has been cited over 12,000 times since 2003, although we

are aware of no applications in economics that predate the original draft of this paper

(Hansen, McMahon, and Prat 2014).4 An important distinction in the analysis of text is

whether documents come with natural labels or not. When they do, an important task is

to use text features to predict them. For example, Gentzkow and Shapiro (2010) present a

way of determining which phrases best predict party affiliation in congressional speeches.

LDA instead uncovers hidden themes in unlabeled text data without linking themes to

particular word lists prior to estimation, which is currently the de facto standard approach

in economics. This approach should be fruitful in many areas of research beyond our

particular application.

Other work exists that uses alternative approaches to text analysis to examine FOMC

transcripts.5 Bailey and Schonhardt-Bailey (2008) and Schonhardt-Bailey (2013) use

a computer package called Alceste to analyze the arguments and persuasive strategies

adopted by policymakers during three periods of interest (1979-1981, 1991-1993, and

1997-1999). Acosta (2015)—also developed independently—uses Latent Semantic Anal-

ysis, a precursor to LDA, to analyze the effect of changes in Fed transparency. He finds

that the content of FOMC transcripts and the Fed’s public communications become more

similar after transparency. Egesdal, Gill, and Rotemberg (2015) present a similar finding

4Fligstein, Brundage, and Schultz (2014) is a paper in sociology from February 2014 we became aware
of afterwards that uses LDA on FOMC transcripts to discuss sociological theories of “sense-making.”

5There is a also a literature that uses text mining techniques to study central bank communication
to the public rather than deliberation. Examples include Chappell, Havrilesky, and McGregor (2000),
Bligh and Hess (2006), Boukus and Rosenberg (2006), Lucca and Trebbi (2009), Hendry and Madeley
(2010), Hendry (2012), and Apel and Blix Grimaldi (2012).
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using an alternative measure of similarity. Of course, many others have analyzed the

transcripts without using computer algorithms; for example, Romer and Romer (2004)

use the transcripts to derive a narrative-based measure of monetary policy shocks. A

narrative approach to text is also used in Chappell, McGregor, and Vermilyea (2005).

The paper proceeds as follows. Section 2 reviews the career concerns literature that

motivates the empirical analysis, and section 3 describes the institutional setting of the

FOMC and the natural experiment we exploit. Section 4 then describes how we measure

communication, while section 5 presents the main results on how transparency affects

these measures. Section 6 examines the overall effect of transparency on behavior using

influence, and section 7 concludes.

2 Transparency and Career Concerns

Since agreeing to release transcripts in 1993, the Fed has done so with a five-year lag. The

main channel through which one expects transparency to operate at this time horizon is

career concerns rather than, for example, communication with financial markets to shift

expectations about future policy. By career concerns, we mean that the long-term payoffs

of FOMC members depend on what people outside the FOMC think of their individual

expertise in monetary policy. This is either because a higher perceived expertise leads to

better employment (or some other material) prospects or because of a purely psychological

benefit of being viewed as an expert in the field. The intended audience may include the

broader Fed community, financial market participants, politicians, etc. A well-developed

literature contains several theoretical predictions on the effects of career concerns, so

instead of constructing a formal model, we summarize how we expect career concerns to

operate on the FOMC and how transparency should modify them.

Discipline The canonical reference in the literature is Holmström (1999), who shows that

career concerns motivate agents to undertake costly, non-contractible actions (“effort”)

to improve their productivity. We consider the key dimension of effort exertion on the

FOMC to be the acquisition of information about economic conditions. Members choose

how much time to spend analyzing the economy in the weeks between each meeting.

Clearly gathering and studying data incurs a higher opportunity cost of time, but also

leads a member to having more information on the economy.

As for transparency, Holmström (1999) predicts that effort exertion increases as the

noise in observed output decreases. If one interprets transparency as increasing the

precision of observers’ information regarding member productivity, one would expect

transparency to increase incentives to acquire information prior to meetings.6

6Equilibrium effort in period t in the Holmström model is g′(a∗t ) =
∑∞
s=1 β

s hε

ht+shε
where g is the
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Conformity/Non-conformity Scharfstein and Stein (1990) show that agents with ca-

reer concerns unsure of their expertise tend to herd on the same action, thereby avoiding

being the only one to take an incorrect decision. Interpreted broadly, such conformity

would appear on the FOMC as any behavior consistent with members seeking to fit in

with the group rather than standing out. On the other hand, models in which agents

know their expertise such as Prendergast and Stole (1996) and Levy (2004) predict the

opposite. There is a reputational value for an agent who knows he has an inaccurate

signal to take unexpected actions in order to appear smart. Ottaviani and Sørensen

(2006) show (see their proposition 6) that the bias toward conformity or exaggeration

depends on how well the agent knows his own type: experts with no self-knowledge

conform to the prior while experts with high self-knowledge may exaggerate their own

information in order to appear more confident. (See also Avery and Chevalier (1999)

for a related insight.)

In general, the effect of transparency is to amplify whatever the effect of career con-

cerns is. When agents do not know their expertise, transparency increases incentives

to conform, as shown by Prat (2005) for a single agent and Visser and Swank (2007)

for committees. On the other hand, Levy (2007) has shown that transparency leads

committee members who know their expertise to take contrarian actions more often. It

should be noted that Levy (2007), and especially Visser and Swank (2007), explictly use

transparency of monetary policy discussions to motivate their analyses.

Therefore, the overall effect of increased transparency can be positive (through in-

creased discipline) or negative (through increased conformity/non-conformity). However,

we can go one step further and examine how transparency interacts with another observ-

able: the agent’s experience level.

In all career concerns models, the effect of transparency depends on how long the

agent has been active. When the agent starts, little is known about him. As time passes,

the principals gather more information about him. More experienced agents have less

of an incentive to distort their behavior in order to signal their type (Holmström 1999).

And the effect of transparency is stronger on agents who have more incentive to signal

their types.

The differential effect of experience can be used to study career concerns. Hong,

Kubik, and Solomon (2000) compared the behavior of inexperienced and experienced

equity analysts, the latter being those who have been providing earnings forecast for at

(convex) cost of effort, β is the discount factor, ht is the precision on the agent’s type (increasing in t),
and hε is the precision of the agent’s output. Clearly the cross derivative of a∗t with respect to hε and
ht is decreasing. So, if one interprets transparency as increasing hε, the discipline effect will be higher
for those earlier in their careers. Gersbach and Hahn (2012) explore this idea specifically for monetary
policy committees.
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least three years. Consistent with a model of conformity, they found that inexperienced

analysts deviate less from consensus forecasts.

In our setting, the differential effect of experience on career concerns means that less

experienced agents should be more affected by a change in disclosure rules than their

more experienced colleagues. In the case of discipline, this means that effort will go up

relatively more for the inexperienced agents. In the case of conformity/non-conformity,

this means that incentives to conform (or non-conform) will be relatively stronger among

the less experienced agents. To the extent that knowledge of type is less likely for the

less experienced, one would expect them to be more likely to conform. This hypothesis is

also corroborated by anecdotal evidence. Greider (1987) (referenced in Visser and Swank

2007) quotes Lawrence Roos, a former St. Louis Fed President, as saying “If one is a

young, career-oriented president who’s got a family to feed, he tends to be more moderate

in his opposition to governors.”

3 FOMC Meetings and Natural Experiment

We now describe the basic structure of FOMC meetings, and the circumstances that led

to the natural experiment we use to generate exogenous variation in transparency.

3.1 FOMC meetings

The FOMC, which meets 8 times per year to formulate monetary policy (by law it must

meet at least 4 times) and to determine other Federal Reserve policies, is composed of 19

members; there are seven Governors of the Federal Reserve Board (in Washington DC)

of whom one is the Chairperson (of both the Board of Governors and the FOMC) and

there are twelve Presidents of Regional Federal Reserve Banks with the President of the

New York Fed as Vice-Chairman of the FOMC.7

The US president nominates members of the Board of Governors who are then subject

to approval by the US Senate. A full term as a Governor is 14 years (with an expiry

at the end of January every even-numbered year), but the term is actually specific to

a seat around the table rather than an individual member so that most Governors join

to serve time remaining on a term. Regional Fed presidents are appointed by their own

bank’s board of nine directors (which is appointed by the Banks in the region (6 of the

members) and the Board of Governors (3 of the members)) and are approved by the

Board of Governors; these members serve 5 year terms.

The main policy variable of the FOMC is a target for the Federal Funds rate (Fed

Funds rate), as well as, potentially, a bias (or tilt) in future policy.8 At any given time,

7Federal Reserve staff also attend the meeting and provide briefings in it.
8Over time, this has changed quite a bit. Now, the FOMC states whether the risks are greater to price
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only twelve of the FOMC have policy voting rights though all attend the meetings and

take part in the discussion. All seven Governors have a vote (though if there is a Governor

vacancy then there is no alternate voting in place); the president of the New York Fed is

a permanent voting member (and if absent, the first vice president of the New York Fed

votes in his/her place); and four of the remaining eleven Fed Presidents vote for one year

on a rotating basis.9

3.1.1 Meeting structure

Most FOMC meetings last a single day except for the meetings that precede the Mone-

tary Policy Report for the President which last two days. Before FOMC meetings, the

members receive briefing in advance such as the “Green Book” (staff forecasts), “Blue

Book” (staff analysis of monetary policy alternatives) and the “Beige Book” (Regional

Fed analysis of economic conditions in each district).

During the meeting there are a number of stages (including 2 discussion stages).

All members participate in both stages regardless of whether they are currently voting

members:10

1. A NY Fed official presents financial and foreign exchange market developments.

2. Staff present the staff economic and financial forecast.

3. Economic Situation Discussion (FOMC1):

• Board of Governors’ staff present the economic situation (including forecast).

• There are a series of questions on the staff presentations.

• FOMC members present their views of the economic outlook. The Chairman

tended to speak reasonably little during this round.

4. In two-day meetings when the FOMC had to formulate long-term targets for money

growth, a discussion of these monetary targets took place in between the economic

and policy discussion rounds.

5. Policy Discussion (FOMC2):

stability or sustainable growth, or balanced. Between 1983 and December 1999, the FOMC included in
its monetary policy directive to the Open Market Trading Desk of the New York Fed a signal of the likely
direction of future policy. In 2000, these signals were just made more explicit. Moreover, there was never
a clear understanding of why the bias was even included; Meade (2005) points to transcript discussions
in which FOMC members debate the point of the bias, though Thornton and Wheelock (2000) conclude
that it is used most frequently to help build consensus.

9Chicago and Cleveland Fed presidents vote one-year on and one-year off, while the remaining 9
presidents vote for 1 of every 3 years.

10See http://www.newyorkfed.org/aboutthefed/fedpoint/fed48.html and Chappell, McGregor,
and Vermilyea (2005) for more details.
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• The Board’s director of monetary affairs then presents a variety of monetary

policy alternatives (without a recommendation).

• Another potential round of questions.

• The Chairman (1st) and the other FOMC discuss their policy preferences.

6. The FOMC votes on the policy decision—FOMC votes are generally unanimous (or

close to) but there is more dissent in the discussion.

The econometric analysis focuses mainly on the part of the meeting relating directly

to the economic situation discussion which we call FOMC1, and the part relating to the

discussion of the monetary policy decision which we call FOMC2. However, we estimate

our topic models using the entire meeting in the whole sample under Greenspan with each

unique member intervention being treated as a separate statement for the estimation of

topics.

3.1.2 FOMC discussions outside the meeting?

One concern may be that formal FOMC meetings might not be where the FOMC actually

meets to make policy decisions but rather the committee meets informally to make the

main decisions. Thankfully, this is less of a concern on the FOMC than it would poten-

tially be in other central banks. This is because the Government in Sunshine Act, 1976,

aims to ensure that Federal bodies make their decisions in view of the public and requires

them to follow a number of strict rules about disclosure of information, announcement

of meetings, etc. While the FOMC is not obliged to operate under the rules of the Sun-

shine Act, they maintain a position that is as close to consistent with it though with

closed meetings.11 This position suggests that the Committee takes very seriously the

discussion of its business in formal meetings, which accords with what we have been told

by staff and former members of the FOMC, as well as parts of the transcripts devoted

to discussing how to notify the public that members had chosen to start meeting a day

early. As such, we can take as given that the whole FOMC does not meet outside the

meeting to discuss the decision.

3.2 Natural Experiment

As discussed in detail in Lindsey (2003), the natural experiment for transparency on

the FOMC resulted from both diligent staff archiving and external political pressure. In

terms of the former, for many years prior to 1993 Fed staff had recorded meetings to

11See http://www.federalreserve.gov/monetarypolicy/files/FOMC_SunshineActPolicy.pdf

and http://www.federalreserve.gov/aboutthefed/boardmeetings/sunshine.htm for the Fed’s
official position.
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assist with the preparation of the minutes. While the staff did record over the older

tapes—unknown to FOMC members—they first typed up and archived a verbatim text

of the discussion. FOMC members were only made aware of these archives when political

pressure from US Respresentative Henry B. Gonzalez, who was angry at Fed opacity with

leaks of sensitive information to the market, forced the Fed to discuss how it might be

more transparent.

The issue came to a head in October 1993, between the September and November

scheduled FOMC meetings, when there were two meetings of the Senate Banking Com-

mittee to discuss transparency with Greenspan and other FOMC members. In prepara-

tion for the second of these meetings, during an FOMC conference call on October 15

1993, most of the FOMC members discovered the issue of the written copies of meet-

ing deliberation. As President Keehn says in the record of this meeting (Federal Open

Market Committee 1993): “Until 10 minutes ago I had no awareness that we did have

these detailed transcripts.” President Boehne, a long-standing member of the committee,

added: “...to the very best of my recollection I don’t believe that Chairman Burns or

his successors ever indicated to the Committee as a group that these written transcripts

were being kept. What Chairman Burns did indicate at the time when the Memorandum

was discontinued was that the meeting was being recorded and the recording was done

for the purpose of preparing what we now call the minutes but that it would be recorded

over at subsequent meetings. So there was never any indication that there would be

a permanent, written record of a transcript nature.” He then added “So I think most

people in the subsequent years proceeded on that notion that there was not a written

transcript in existence. And I suspect that many people on this conference call may have

acquired this knowledge at about the same time that Si Keehn did.”

Initially Greenspan was evasive on the issue with the Senate Banking Committee and

he argued that he didn’t want to release any verbatim information as it would stifle the

discussion. But pressure on the Fed grew, and so it quickly moved to release the existing

transcripts (with a five-year lag). While no commitment on publishing transcripts going

forward was immediately made, and the Fed had five years to make a decision due to the

publication lag, this was considered a highly likely outcome. The commitment became

formal after 15 months.

Taken altogether, this means that we have transcripts from prior to November 1993 in

which the discussion took place under the assumption that individual statements would

not be on the public record, and transcripts after November 1993 in which each policy-

maker essentially took for granted that every spoken word would be public within five

years.12 Since the decision to change transparency was not driven by the FOMC’s own

12While the majority of members only found out about the existence of the transcripts in October
1993 as a result of the Senate hearings and a series of conference calls by FOMC members related to this
process, a few members were aware of their existence a bit earlier. Nonetheless, we choose November
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concerns about the nature or style of deliberation, and the change came as a surprise to

members, we can use this natural experiment to evaluate the effects of transparency on

deliberation.

Schonhardt-Bailey (2013, chapter 5) presents interviews with former FOMC members

in which they express disagreement on the importance of transparency to deliberation.

Lawrence Lindsey, a former Governor of the Fed who served across the natural experi-

ment, says: “When I joined the Board I was not informed that the meetings were taped,

and therefore my comments at FOMC meetings were quite candid...I personally think the

decision not to destroy [the] tapes has ruined the deliberative process...It’s terrible; they

are all set-piece speeches.” Don Kohn, who served as the Secretary of the FOMC (most

senior staff member serving the committee) over the natural experiment and later as a

Governor, corroborates this view: “To some extent [publication of the transcripts]...did

shape behavior. My impression...is that there were many more prepared statements, and

the statements got longer.” He also tells the story of St Louis Fed President Melzer who,

in the first transparency-era meeting, read out his statement in a monotone voice to make

a point.

On the other hand, Jerry Jordan, who was president of the Cleveland Fed disagrees

and thinks that the publication of the transcripts made little difference. He says some

people would prepare and others would not, but this is driven by personal style and not

by transparency changes. “So it was very different styles but I never thought that the

existence of a transcript in any way inhibited the give-and-take and I don’t think a fair

reading of the transcripts from the previous period when they weren’t being publicized

to when they were [would suggest that the change] affected many people. It certainly

didn’t affect me.”

4 Measuring Communication

The key empirical challenge we face in this paper is to measure the dimensions of delib-

eration that we are interested in. In this section we describe first the deliberation data

that we use. We then explain how we convert the text data into quantitative variables

that we will analyse. The main innovation in this paper is the use of LDA, a probabilistic

topic model which is regularly used in other fields, and so we dedicate a few pages to

explaining this approach. Finally, we present the measures of dependent variables that

we use in the analysis in section 5.

1993 as the point at which the main transparency effects occur; this is the first meeting at which all
members were aware of the transcripts and a decision to release the past transcripts with a five-year lag
had been put forward. If the few members that knew of the transcripts before October 1993 started to
react to the possibility of the transcripts becoming public, this would tend to bias our estimates away
from finding a change after November 1993.
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4.1 FOMC transcript data

The measures of deliberation that are used as dependent variables in our analysis are con-

structed using FOMC meeting transcripts.13. Apart from minor redactions relating, for

example, to maintaining confidentiality of certain participants in open market operations,

they provide a complete account of every FOMC meeting from the mid-1970’s onwards.

In this paper, we use the set of transcripts from the tenure of Alan Greenspan—August

1987 through January 2006, inclusive, a total of 149 meetings. During this period, the

FOMC also engaged in numerous conference calls for which there are also verbatim ac-

counts, but as many of these were not directly about about monetary policy we do not

use them in our analysis.

The transcripts available from the Fed website need to be cleaned and processed before

they can be used for empirical work. We have ensured the text is appropriately read in

from the pdf files, and have removed non-spoken text such as footnotes, page headers,

and participant lists. There are also several apparent transcription errors relating to

speaker names, which always have an obvious correction. For example, in the July 1993

meeting a “Mr. Kohn” interjects dozens of times, and a “Mr. Koh” interjects once;

we attribute the latter statement to Mr. Kohn. Finally, from July 1997 backwards,

staff presentation materials were not integrated into the main transcript. Where staff

statements were recorded separately in appendices, we re-inserted them into the main

transcripts where they were took place in the deliberation. The final dataset contains

46,502 unique interjections along with the associated speaker.

We represent our text dataset as a collection of D documents, where a document d is a

list of tokens wd = (wd,1, . . . , wd,Nd
). A token is a single element of a string such as a word,

number, or punctuation mark. A document is a single statement, or interjection, by a

particular member in a particular meeting. For example, we would have two statements if

Alan Greenspan asked a question of staff (the first statement) and a staff member replied

(the second statement). Our challenge is to build quantitative communication measures

from this unstructured data for the dependent variables in the regressions.

We focus our analysis on the statements in each meeting that corresponded to the

economic situation discussion (FOMC1) and the policy discussion (FOMC2), as described

in section 3. To do this, we manually coded the different parts of each meeting in the

transcript; FOMC1 and FOMC2 make up around 31% and 26% of the total number of

statements. However, it is worth bearing in mind that the estimation of our LDA model

takes place on the whole meeting.

13These are available for download from http://www.federalreserve.gov/monetarypolicy/fomc_

historical.htm
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4.2 Converting text to quantitative variables

The simplest communication measures rely on counting tokens. For each statement, we

count the

1. Number of questions (count of token ‘?’)

2. Number of words (count of alpha-numeric tokens; 5,594,280 in total).

3. Number of numeric tokens.

We also count the total number of statements that FOMC members make in FOMC1

and FOMC2 as a fourth count-based measure of communication.

More abstractly, one can represent each document in terms of a frequency count

of the V unique tokens in the data. This is called the bag-of-words model, and its

most important simplifying feature is to ignore word order entirely.14 The bag-of-words

transformation converts each document into a highly sparse V -dimensional histogram:

while individual statements contain a few hundred words at most, V is on the order

of 10,000-20,000 depending on how one selects vocabulary. Dimensionality reduction is

therefore key.

By far the most common solution in the economics literature is to employ dictionary

methods. These involve the researcher defining a list of words that she believes captures

relevant content, and then representing each document as a (normalized) count of terms

in this list. For example, to measure economic activity, we might construct a list which

includes ‘growth’. But clearly other words are also used to discuss activity, and choosing

these involves numerous subjective judgments. More subtly, ‘growth’ is also used in

other contexts, such as in describing wage growth as a factor in inflationary pressures,

and accounting for context with dictionary methods is practically very difficult.

For these reasons, we instead adopt a machine learning approach to dimensionality

reduction that alleviates these concerns by using Latent Dirichlet Allocation (LDA). The

rest of the section discusses LDA as a statistical model, then describes how we estimate

it and build communication measures from its output. Many details are left out, and are

filled in by the accompanying online technical appendix.

4.3 LDA Statistical model

The first important objects in LDA are K topics, each of which is a distribution βk ∈ ∆V

over the V elements in the vocabulary. The choice of probability distributions is important

since it allows the same token to appear in different topics with potentially different

14While this assumption clearly throws away information, it is a useful simplification when the primary
consideration is to measure what topics a document covers. Word order becomes more important when
the goal is sentiment analysis, or how a document treats a topic.
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weights. Informally, one can think of a topic as a weighted word list that groups together

words that all express the same underlying theme. Unlike with dictionary methods, the

form of βk is not imposed on the data ex-ante.

Given topics, the simplest statistical model would be to associate each document

with a single topic, yielding a basic mixture model. Instead, LDA is a mixed-membership

model in which each document can belong to multiple topics. Formally, this is represented

by each document d having its own distribution over topics given by θd. Informally, θkd
represents the “share” of topic k in document d.

To describe the data generating process, first think of document d as having Nd slots

to fill. In the first step, each slot (n, d) is independently allocated a topic assignment zn,d

according to the probability vector θd. These unobserved topic assignments are latent

variables in the model. In the second step, a word is drawn for the nth slot from the

topic βzn,d
that corresponds to the assignment zn,d. The probability of observing the data

(words and topic assignments) is thus

D∏
d=1

Nd∏
n=1

∑
zn,d

Pr
[
wn,d

∣∣ βzn,d

]
Pr [ zn,d | θd ]. (1)

Importantly, LDA reduces the dimensionality of each document substantially. In the

bag-of-words model, documents live in a V -dimensional space. After estimating LDA,

one obtains a representation of each document in terms of the (estimated) θd, which lives

in the K − 1 simplex. In our data, this reduces the dimensionality of each document

from many thousands to less than 100. Importantly, though, LDA does not ignore any

dimensions of variation in the bag-of-words counts since the underlying topics are free to

lie anywhere the V − 1 simplex.

Due to the high dimensionality of the parameter space and the sparsity of the under-

lying data, topic models generally have a Bayesian formulation. We assign a symmetric

Dirichlet prior with K dimensions and hyperparameter α to each θd, and a symmetric

Dirichlet prior with V dimensions and hyperparameter η to each βk. Realizations of

Dirichlet distributions with X dimensions lie in the X − 1 simplex, and the hyperparam-

eters α and η determine the concentration of the realizations. The higher they are, the

more even the probability mass spread across the dimensions.

It is also worth locating LDA in the context of machine learning. Broadly speaking,

machine learning algorithms (not just those for text mining) either solve supervised or

unsupervised learning problems. Supervised learning is the task of taking labeled ob-

servations, and using features of the observations to predict those labels. For example,

Gentzkow and Shapiro (2010) propose an algorithm for finding which phrases in congres-

sional speeches (a speech is an observation) best predict party affiliation (the party of

the speaker is a label). In unsupervised learning, observations have no labels, and the
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task is to uncover hidden patterns that allow one to structure the observations in some

meaningful way. Clustering and factor analysis are examples of unsupervised learning

tasks. LDA is an unsupervised learning algorithm, as its goal is to find K meaningful

word groupings in the data and to represent each document in terms of these groupings.

4.4 Vocabulary and model selection for LDA

Before estimating the model, we need to select which tokens to keep and how to repre-

sent them (vocabulary selection), as well as the number of topics K and the values of

the hyperparameters α and η (model selection). For vocabulary selection, we drop all

tokens containing non-alphabetic characters, remove both common and rare words, and

convert the remaining tokens into a common linguistic root through stemming so that,

for example, ‘preferences’, ‘preference’, and ‘prefers’ all become ‘prefer’. The outcome of

stemming need not be an English word.

We then tabulate the frequencies of all two- and three-token sequences in the data,

known as bigrams and trigrams, respectively. For those that occur most frequently and

which have a specific meaning as a sequence, we construct a single token and replace it

for the sequence. For example, ‘fed fund rate’ becomes ‘ffr’ and ‘labor market’ becomes

‘labmkt’. After this processing, V = 8, 615 unique and 2,715,586 total tokens remain.

Some statements are empty, so we remove them from the dataset, leaving D = 46, 169

total documents.

For values of the hyperparameters, we follow Griffiths and Steyvers (2004) and Steyvers

and Griffiths (2006) and set α = 50/K and η = 0.025. The low value of η promotes sparse

word distributions so that topics tend to feature a limited number of prominent words.

Our goal is to organize text into easily interpretable categories, and this informs our

choice of K. If one picks too few topics, they tend to mix together underlying themes

and become very general, while if one picks too many, topics become highly specific to

particular conversational patterns. We settle on models with K = 50, which we report in

the main text, and K = 70, which we report in the appendix. Another common approach

to selecting K is cross-validation on out-of-sample data, but this assesses a model’s pure

predictive power. Since we are not interested in predicting the content of FOMC meetings

per se, we do not adopt this approach.15

4.5 LDA Estimation

For estimation we use the collapsed Gibbs sampling algorithm of Griffiths and Steyvers

(2004) (see also Steyvers and Griffiths 2006). Since the Dirichlet prior is conjugate to the

15According to Blei (2012), interpretability is a legitimate reason for choosing a K different from the
one that performs best in out-of-sample prediction. He notes a “disconnect between how topic models
are evaluated and why we expect topic models to be useful.”
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categorical distribution, one can easily analytically integrate out the θd and βk parameters

from the probability in (1), and express the probability of the data in terms of just the

observed words and unobserved topic assignments. This is why sampling is “collapsed”.

The remaining challenge is to estimate the topic assignments. To do so, we construct a

Gibbs sampler with the following features:

1. Randomly allocate to each token in the corpus a topic assignment drawn uniformly

from {1, . . . , K}.

2. For each token, sequentially draw a new topic assignment via multinomial sampling.

The probability that token n in document d is assigned to topic k is increasing in:

(a) The number of other tokens in document d that are currently assigned to k.

(b) The number of other occurrences of the token wn,d in the entire corpus that

are currently assigned to k.

3. Repeat step 2 4,000 times as a burn in phase.

4. Repeat step 2 4,000 more times, and store every 50th sample.

Steps 2a and 2b mean that tokens that regularly co-occur in documents will be grouped

together to form topics. Also, step 2a means that tokens within a document will tend to

be grouped together into few topics rather than spread across many separate topics. The

burn in phase of sampling allows the chain to converge sufficiently, after which we begin

drawing the samples we use to construct communication measures. Allowing a thinning

interval between samples reduces autocorrelation between them. The online technical

appendix reports how we assess convergence and the selection of the chain we use for the

analysis.

The basic object of interest for the analysis is the predictive distribution θ̂ki,t,s,j that

expresses the probability a word spoken by member i in meeting t in section s belongs to

topic k, computed at the jth iteration of the chain. Its construction is detailed in online

technical appendix. Below we report numerous communication measures constructed

from these distributions. In each case, we compute the measure for each iteration in

j ∈ {4050, 4100, . . . , 8000}, and then take an average over the 80 samples.

4.6 Estimated LDA topics

One reason for the popularity of LDA is its ability to consistently estimate topics that

appear natural despite having no pre-assigned labels. In appendix A we report the top

ten tokens in each topic, but here discuss a handful to give a sense of the kind of content

16



Figure 1: Topic 25—“Inflation”

Figure 2: Topic 38—“Banking”

Notes: Each word cloud represents the probability distribution of words within a given
topic; the size of the word indicates its probability of occurring within that topic.
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Figure 3: Topic 23—“Consumption and Investment”

Figure 4: Topic 29—“Productivity”

Notes: Each word cloud represents the probability distribution of words within a given
topic; the size of the word indicates its probability of occurring within that topic.
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that LDA estimates.16 LDA is an unsupervised learning algorithm, and so produces

no meaningful topic labels. Any attribution of meaning to topics requires a subjective

judgement on the part of the researcher. Most of the empirical results depend only on

mild such judgments, but it is still important that the topics are reasonable in the context

of macroeconomics.

An obvious place to start is to examine discussion of inflation. A single topic—topic

25—gathers together many of the terms macroeconomists associate with inflation. Figure

1 represents the topic with a word cloud in which the size of the token represents the

probability of its appearing in the topic.17 The dominant token is “inflat” which captures

words relating to inflation, but there are others like “core”, “cpi”, etc. Given recent

events, also of interest is topic 38 (figure 2), which collects together terms relating to

banking and finance more generally. There are also topics on consumption and investment

(figure 3) and productivity (4).

So far the topics we have displayed relate to obvious economic themes, but there

are also quite a few topics that do not. We call these topics discussion as opposed to

economics topics, and have classified each topic into one of the two categories. This

is the main subjective labeling exercise we use in the analysis. In the 50-topic model

we analyze, there are 30 economics topics and 20 discussion topics. Discussion topics

comprise both topics made up of words that are used in conversation to convey meaning

when talking about economics topics, and some topics which are pure conversational

words. For example, there is a topic which just picks up the use of other members’ names

as well as the voting roll call (figure 5); and the five most likely tokens in topic 49 (figure

6) are ‘say’, ‘know’, ‘someth’, ‘all’, and ‘can’ which can be used in general conversation

regardless of what specific topic is being discussed. But a few of the other discussion

topics may also be informative about the behavior of FOMC members such as the topic

containing terms relating to discussions of data and also one relating to discussions of

staff materials; we return to discussing these topics in more detail in section 5.

4.7 Connecting topics to external events

A common approach for assessing the quality of the output of machine learning algo-

rithms is to validate them against external data. Since we do not rely heavily on specific

topic labels, such an exercise is not crucial for interpreting our results, but for interest we

have explored the relationship of the estimated topics to the recently developed uncer-

tainty index of Baker, Bloom, and Davis (2013) (BBD hereafter). This index picks up the

16We report the predictive topic distributions at the 8,000th iteration of the Markov chain. The

probability that token v appears in topic k is β̂vk =
η+nv

k

ηV+Nk
, where nvk is the number of times that token

v is assigned to topic k in the corpus, and Nk is the total number of tokens assigned to topic k.
17The use of a word cloud is purely for illustrative purposes and the clouds play no role in the analysis;

the precise probability distribution over tokens for each topic is available on our websites.
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Figure 5: Topic 27—“Discussion topic: FOMC Names”

Figure 6: Topic 49—“Discussion topic: General terms”

Notes: Each word cloud represents the probability distribution of words within a given
topic; the size of the word indicates its probability of occurring within that topic.
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public’s perceptions of general risk as well as expiring fiscal measures. It is also method-

ologically related to our data in that the primary input for the index is text data from

the media, albeit measured differently (via the number of articles per day that contain a

set of terms the authors select).

Figure 7 displays the estimated topic most associated with issues of recession and

fiscal policy, and plots the amount of time the FOMC as a whole spends on it against the

BBD index.18 The relationship between BBD-measured uncertainty and FOMC attention

towards recession/fiscal matters is quite strong, with both notably spiking during times of

war and recession. Figure 8 displays the topic most associated with risk and uncertainty

and also plots the attention it received during FOMC meetings against the BBD index.

While the two series co-move, it is particularly noteworthy that the estimates suggest

that in the run-up to the financial crisis in 2007 the market was not yet concerned with

risk while the FOMC was increasingly discussing it.

Finally, the estimates pick up a topic related to central bank communication that

appears regularly in meetings to capture discussion of statements and previous minutes.

Its associated word cloud is in figure 9a. This topic is useful to check whether the decision

to reveal the transcripts was surprising. As we argue for our natural experiment, FOMC

members only learned of the transcripts in October 1993 and discussed the right policy

to deal with their release at the start of the meeting in November 1993. If it were indeed

a big surprise, one would expect there to be more than usual discussion of issues of

communication. Figure 9b shows that during a typical meeting FOMC members might

spend 2% of their time on this topic, and in an unusual meeting—perhaps discussing

a particularly tricky statement—up to 8% of their time. By contrast, in November

1993 the FOMC spent over 20% of the meeting discussing the issue of transparency and

transcripts being made public. We are therefore comfortable interpreting the publication

of transcripts as a genuine surprise.

4.8 Dependent Variables

Finally, we describe how we construct empirical measures of communication from the

output of the language models. We generate all of these as the meeting-speaker-section

level, where section corresponds to FOMC1 or FOMC2. Most basically, we first count the

total number of words, statements, and questions from the raw text data. These capture

broad changes in the nature of deliberation after transparency. For example, as discussed

above in section 3.2, Don Kohn believed that the discussions got longer but with less

interaction. This would show up as more words but less statements and questions.

We are also interested in capturing the formality of statements given the expressed

18The distributions for the out-of-sample years coinciding with Ben Bernanke taking over as Chairman
are estimated through the querying procedure discussed in the online technical appendix.
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(a) Topic 45—“Recession/Fiscal”
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(b) BBD uncertainty and discussion of topic 45

Figure 7: BBD uncertainty measure and FOMC attention to fiscal issues

Notes: The word cloud (top) represents the probability distribution of words within a given
topic. The time-series (bottom) captures the time allocated to that topic in each meeting.
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(a) Topic 40—“Risk”
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(b) BBD uncertainty and discussion of topic 40

Figure 8: BBD uncertainty measure and FOMC attention to risk

Notes: The word cloud (top) represents the probability distribution of words within a given
topic. The time-series (bottom) captures the time allocated to that topic in each meeting.
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(a) Topic 6—“Central Bank Communication”
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(b) Discussion of topic 6 across meetings

Figure 9: FOMC attention to communication: surprised by transparency revelation?

Notes: The word cloud (top) represents the probability distribution of words within a given
topic. The time-series (bottom) captures the time allocated to that topic in each meeting.
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concern for sterility after transparency. To do so, we use the economics and discussion

labels discussed in section 4.6. This allows us to compute the fraction of time spent

on formal economics topics as opposed to more general or informal topics. A statement

prepared in advance is likely to be better structured, and so contain less of the non-

economics discussion topics.

Another natural way to explore deliberation is in terms of breadth. To measure it,

we apply a Herfindahl concentration index applied to the conditional distribution over

economics topics. Higher values indicate a narrow discussion, while lower values indicate

a broader discussion.

As discussed in section 2, a primary channel through which we expect discipline to

operate on the FOMC is to encourage especially rookie members to gather additional data

between meetings. A member without career concerns who spent little time preparing

for meetings (nor paying attention to colleagues during them) would most likely not

discuss their views using specific references to relevant data, while one who had done

their homework would likely bring into the meetings a dossier of evidence on which

to draw. Given this, we first count the number of tokens in each statement that are

numbers (strings that consist solely of numeric characters like ‘99’ and ‘1’ but not tokens

like ‘one’). Second, we identify two topics from the topic model output that appear to

reflect quantitative discussion. These are topics 7 and 11, whose word clouds appear in

figures 10a and 10b. The most likely terms in these topics are clearly those would use

when discussing data.

Our final measures of content compare the statements of each FOMC member to those

of Alan Greenspan, who is clearly a focal member during the sample. As explained in

section 3, Greenspan tended to speak very little during FOMC1 in our sample, so here

we limit attention to statements in FOMC2. Recall also that Greenspan speaks first in

FOMC2, with the rest of the members following.

One obvious way that FOMC members might engage in herding is to mimic the Chair’s

views and bring up similar topics; anti-herding would involve the opposite behavior. Let

χi,t denote i’s conditional probability distribution over economics topics in meeting t

during FOMC2 (30 of the 50 estimated topics are classified economics topics); we are

interested in comparing the overlap of χi,t with χG,t, where G is Greenspan’s speaker

index. There are many ways in the literature to do so, but we focus on three different

measures:19

1. Dot product similarity : DPit =
∑

k χ
k
G,tχ

k
i,t. Although χi,t has thirty dimensions,

19One complication is that some members in some meetings have very short statements. In these cases,
using their predictive topic distributions derived from LDA to measure content is problematic since they
are essentially uniform. Whenever a speaker has less than five words allocated to economics topics, we
replace his predictive distribution with Greenspan’s since the implication of a short statement is that he
does not disagree with the Chairman’s policy view. Moreover, as we show below, distance in topic space
correlates with distance in policy space. In all distance regressions we control for very short statements.
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(a) Topic 7—“Data Indicators 1”

(b) Topic 11—“Data Indicators 2”

Figure 10: Topics relating to data

Notes: Each word cloud represents the probability distribution of words within a given
topic; the size of the word indicates its probability of occurring within that topic.

26



members almost certainly discuss far fewer topics in each section of each meeting.

Hazen (2010) compares several ways of computing the similarity of documents esti-

mated by LDA, and concludes that the dot product performs well in conversational

speech data when each statement is composed of a limited number of topics relative

to K. The statistical interpretation is the probability that member i and Greenspan

talk about the same topic given if they each discuss just one topic.

2. Bhattacharyya coefficient : BHit =
∑

k

√
χkG,tχ

k
i,t. This measures the extent to

which two probability distributions overlap, and is widely used in the machine

learning literature.

3. Kullback-Leibler divergence: KLit =
∑

k χ
k
G,t ln

(
χk
G,t

χk
i,t

)
. This has strong roots in the

information theory literature, and can be interpreted as the amount of information

lost when χki,t is used to approximate Greenspan’s distribution.

Before presenting results of our main analysis, we first establish the relationship be-

tween topic overlap and policy preferences. One potential criticism of interpreting close-

ness in topic space as herding is that, because we do not measure sentiment, talking about

the same topics as the Chair is not the same as agreeing with the Chair’s views. For ex-

ample, the Chair may spend a lot of time talking about inflation being under control,

while a subsequent rookie spends a lot of time talking about inflation being a major risk.

Both talk about similar topics, but are not in agreement. To examine this possibility,

we correlate our measures of topic overlap with the voiced dissent data coded by Meade

(2005), and present results in table 2. Columns (1) and (2) show that increased similarity

between i and the Chair lowers the probability that i dissents in voice, while column (3)

shows that increased distance from the Chair positively predicts dissent. We are therefore

reassured that our measures capture agreement and disagreement about the important

dimensions of the policy decision.

5 Empirical Results

We now present the main results of the paper on the effect of transparency on deliberation.

The most straightforward way to do so is to estimate the average effect of transparency

on our various communication measures. This is useful to establish whether increased

transparency is associated with changes in deliberation. The main concern with such

a regression is that one cannot include time-fixed effects, which are important to con-

trol for trends and cycles in FOMC communication related to changes in the macro or

policymaking environment.

In order to control for these, and to link the effect of transparency more directly to

the career concerns literature, we therefore use a difference-in-differences analysis. This
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Table 2: Relationship between distance and voiced dissent

(1) (2) (3)
Main Regressors D(Voice Dissent) D(Voice Dissent) D(Voice Dissent)

D(Non-Voter) 0.0060 0.0072 0.0083
[0.802] [0.764] [0.727]

DP -1.03*
[0.059]

BH -0.46***
[0.005]

KL 0.11***
[0.003]

Constant 0.13 0.47*** 0.0019
[0.112] [0.002] [0.982]

R-squared 0.226 0.229 0.229
Unique Members 35 35 35
Member FE Yes Yes Yes
Time FE Yes Yes Yes
Obs 1194 1194 1194

Type of measure Similarity Similarity Distance

Notes: The table reports the correlation between our three measures of distance, and
the voiced dissent variable coded by Meade (2005). Coefficients are labeled according to
significance (*** p<0.01, ** p<0.05, * p<0.1) while brackets below coefficients report p-
values.

provides a much more reliable test of career concerns than the basic difference regressions.

For all the results, we focus on a sample that uses a window of four years before and

four years after the change in transparency (1989-1997). In appendix C, we show that

results remain robust to alternative sample selections. Note that since the FOMC only

meets eight times per year, we are constrained in how tightly we can shrink the window

while still having enough statistical power to measure the parameters of interest.

5.1 Difference results

The basic difference specification we adopt is

yits = αi + γD(Trans)t + λXt + εit, (DIFF)

where the dependent variable yits represents any of the communication measures described

in section 4.8 for member i in time t in section s. On the right-hand side, D(Trans) is

an indicator variable for being in the transparency regime (1 after November 1993, 0

before), and Xt is a vector of macro controls for the meeting at time t. For these we

include whether the economy is in a recession and the level of uncertainty with the

BBD index (see section 4.7 for details). We also put in an indicator for whether the

meeting lasted for two days or one. Finally, we include member fixed effect to account
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for individual heterogeneity in communication patterns.

Table 3a shows the estimates for the count measures. We find a marginally signifi-

cant increase in the total words in FOMC1, and a highly significant fall in statements

and questions in FOMC2. We interpret the drop in statements as reflecting a reduction

in back-and-forth dialogue, since open debate would generate many statements as argu-

ments bounced from member to member. Similarly, the reduction in questions reflects

a lower willingness to engage with colleagues and staff. In order to interpret the eco-

nomic meaning of the estimated coefficients, we report the “Transparency effect” as how

many percentile points the pre-transparency average member would move if their behav-

ior changed by the average effect of transparency. This effect is very large indeed for

statements and questions: -49 means the size of the estimated coefficients is only slightly

smaller than the pre-transparency average value of the dependent variable. In table 3b

we see a significant increase in formality as measured by the fraction of economics topics,

and also a more narrow discussion. The transparency effect is particularly large for the

former. Altogether, this paints a picture of transparency having large effects on behavior

which, as discussed in section 3.2, is still a matter of some controversy that we are able

to clarify due to our statistical approach.

At the same time, transparency is also associated with the FOMC meetings becoming

more quantitative in nature, as table 4a shows. With the exception of the topic-based

measure in FOMC2, we see a clear and significant pattern of increasing use of numbers,

charts, and figures over time.

Finally, we find an overall tendency of increasing divergence from Chairman Greenspan

in terms of topic coverage, which is consistent with the average member of the FOMC

engaging in anti-herding. This finding is notable in light of the previous work of Meade

and Stasavage (2008), who show a decreased tendency to dissent on the FOMC after

transparency. We show that while formal dissent may not have risen after transparency,

topic-based dissent increases significantly. This of course does not rule out some members

herding even though we do not find this on average; we return to this point below.

Overall, this difference analysis is a useful descriptive account of behavior before and

after transparency, and the results show that transparency is indeed associated with large

changes in members’ behavior. However, the main problem remains that the timing of

transparency changes may have coincided with other changes that we cannot control for.

This means the estimated γ may capture these other effects. This makes it impossible to

disentangle the different potential effects and so it is much harder to interpret the results

in the context of a career concerns (or other) framework.
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Table 3: Diff results: The average effect of Transparency I

(a) Count measures of deliberation

(1) (2) (3) (4) (5) (6)
Main Regressors Total Words Statements Questions Total Words Statements Questions

D(Trans) 52.3* -0.36 -0.00093 35.3 -1.98** -0.67***
[0.081] [0.324] [0.990] [0.137] [0.011] [0.006]

D(NBER) 14.4 -0.38 -0.075 -30.6 0.46 -0.068
[0.571] [0.208] [0.665] [0.259] [0.482] [0.752]

BBD uncertainty 0.22 -0.0032 0.00021 -0.042 -0.0093** -0.0042***
[0.252] [0.506] [0.870] [0.872] [0.035] [0.000]

D(2 day) 34.5 1.39** 0.57** 59.5 -0.13 0.071
[0.115] [0.048] [0.020] [0.219] [0.841] [0.733]

Constant 655*** 4.59*** 1.13*** 329*** 6.31*** 1.69***
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]

Unique Members 36 36 36 36 36 36
Member FE Yes Yes Yes Yes Yes Yes
Time FE No No No No No No
Within Meeting FOMC1 FOMC1 FOMC1 FOMC2 FOMC2 FOMC2
Sample 89:11-97:09 89:11-97:09 89:11-97:09 89:11-97:09 89:11-97:09 89:11-97:09
Obs 1148 1148 1148 1138 1138 1138

Transparency effect 7 - - - -49 -49

(b) Economics focus and concentration of topics discussed

(1) (2) (3) (4)
Main Regressors Economics Economics Herfindahl Herfindahl

D(Trans) 0.069*** 0.028*** 0.0055** 0.0025**
[0.000] [0.000] [0.042] [0.026]

D(NBER) 0.0094** 0.0095** -0.00018 -0.0049***
[0.015] [0.017] [0.864] [0.000]

BBD uncertainty -3.5e-06 0.000056 -0.000065*** 1.1e-07
[0.931] [0.143] [0.000] [0.991]

D(2 day) -0.0042 0.0024 0.000025 0.0038*
[0.289] [0.599] [0.992] [0.060]

Constant 0.58*** 0.56*** 0.11*** 0.066***
[0.000] [0.000] [0.000] [0.000]

Unique Members 36 36 36 36
Member FE Yes Yes Yes Yes
Time FE No No No No
Within Meeting FOMC1 FOMC2 FOMC1 FOMC2
Sample 89:11-97:09 89:11-97:09 89:11-97:09 89:11-97:09
Obs 1148 1138 1148 1138

Transparency effect 25 22 9 6

Notes: These tables report the results of estimating (DIFF). Where the coefficient on
D(Trans) is significant, the transparency effect reports how many percentile points the pre-
transparency average member would move if their behavior changed by the average effect
of transparency. Coefficients are labeled according to significance (*** p<0.01, ** p<0.05,
* p<0.1) while brackets below coefficients report p-values.
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Table 4: Diff results: The average effect of Transparency II

(a) Discussion of numbers and data indicators

(1) (2) (3) (4)
Main Regressors Numbers Numbers Data Topics (7&11) Data Topics (7&11)

D(Trans) 3.56*** 1.60*** 0.0088*** -0.000060
[0.004] [0.001] [0.004] [0.962]

D(NBER) -1.00 -0.64 -0.00059 -0.0012
[0.197] [0.175] [0.715] [0.185]

BBD uncertainty 0.0033 0.00018 -7.1e-06 -0.000040***
[0.527] [0.969] [0.725] [0.001]

D(2 day) 1.44** 1.08* -0.00042 0.0020
[0.044] [0.079] [0.866] [0.184]

Constant 7.93*** 2.20*** 0.045*** 0.040***
[0.000] [0.004] [0.000] [0.000]

Unique Members 36 36 36 36
Member FE Yes Yes Yes Yes
Time FE No No No No
Within Meeting FOMC1 FOMC2 FOMC1 FOMC2
Sample 89:11-97:09 89:11-97:09 89:11-97:09 89:11-97:09
Obs 1148 1138 1148 1138

Transparency effect 14 14 11 -

(b) Overlap of member and Chairman topics

(1) (2) (3)
Main Regressors DP BH KL

D(Trans) -0.00082 -0.025*** 0.12***
[0.569] [0.001] [0.002]

D(NBER) -0.0023** 0.016*** -0.070***
[0.037] [0.001] [0.001]

BBD uncertainty 3.4e-06 0.000046 -0.00023
[0.860] [0.418] [0.401]

D(2 day) -0.0022* -0.015* 0.084**
[0.062] [0.073] [0.038]

Constant 0.046*** 0.86*** 0.58***
[0.000] [0.000] [0.000]

Unique Members 36 36 36
Member FE Yes Yes Yes
Time FE No No No
Within Meeting FOMC2 FOMC2 FOMC2
Sample 89:11-97:09 89:11-97:09 89:11-97:09
Obs 1138 1138 1138

Type of measure Similarity Similarity Distance
Transparency effect - -21 22

Notes: These tables report the results of estimating (DIFF). Where the coefficient on
D(Trans) is significant, the transparency effect reports how many percentile points the pre-
transparency average member would move if their behavior changed by the average effect
of transparency. Coefficients are labeled according to significance (*** p<0.01, ** p<0.05,
* p<0.1) while brackets below coefficients report p-values.
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5.2 Difference-in-differences results

In order to more clearly attribute the changes associated with transparency to career

concerns, we now move to a difference-in-differences analysis. To do so requires defining

a proxy for the strength of reputational concerns, and then identifying whether there is

a differential response to transparency in this proxy. As discussed in section 2, a natural

proxy is a member’s experience in monetary policymaking. The idea of using experience

to empirically test career concerns has also been previously used in Hong, Kubik, and

Solomon (2000).

Our specific measure of experience is FedExpi,t, or the number of years member i has

spent working in the Fed system through meeting t.20 This includes both years spent in

the Fed before appointment to the FOMC, and years spent on the committee.21 In figure

11 we plot the histogram of this variable across all members in our main sample period.

The longer a member has served in the Fed, the more time the policymaking community

has observed them, and so the less uncertainty there should be about their expertise in

monetary policy. In other words, we expect career concerns to decline in FedExpi,t.
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Figure 11: Histogram of Federal Reserve Experience (FedExpi,t)

Notes: This figure plots a histogram of the FedExpi,t variable, measured as years of Federal
Reserve experience, in our main sample.

20In other contexts, one might use age as a good proxy for experience. However, the number of years
the member has spent at the Fed is a more appropriate measure in our context. A member who joins
the Fed at age 60 will not have established a reputation nearly as much as a member aged 50 with ten
years of experience.

21This information came from online sources and the Who’s Who reference guides.
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Our difference-in-differences specification is

yits = αi + δt + ηFedExpi,t + φD(Trans)t × FedExpi,t + εit (DinD)

where yits is again one of our communication measures from section 4.8 and D(Trans)

is a transparency indicator. The main coefficient of interest is φ. This tells us whether

transparency has a differential effect on people depending on their level of experience. A

positive (negative) φ indicates that members with greater career concerns do less (more)

of whatever yi,t is measuring. Importantly, this specification includes time fixed effects,

which controls for any macroeconomic cycles or general trends in the deliberation of

the FOMC. Perhaps noticeably, we omit the transparency dummy D(Trans) (1 after

November 1993, 0 before) from this regression. The reason is that the inclusion of time

fixed effects renders it redundant.22

One objection to the experience proxy may be that there are at least a few notable

exceptions of people who joined the committee as rookies (without prior Fed experi-

ence), but who had an exemplary reputation as macroeconomists and even as monetary

economists. For example, when Alan Blinder joined the FOMC as a Governor in 1994,

he had no prior years working in the Fed but had become a clear expert on monetary

economics through his academic work. However, the inclusion of member fixed effects

controls for the initial reputation of person i: there is an Alan Blinder fixed effect in the

regression that will control for any communication pattern that his particular expertise

generates on average. The inclusion of both member and time fixed effects in (DinD)

means that the identification of φ relies on differential behavioral changes for members

who are relatively more experienced compared to their own average self, and the average

in the meeting at time t.

Testing the statistical significance of the φ coefficient requires us to have a well-

estimated variance-covariance matrix. This is particularly a challenge with a fixed-effects

panel data model because the data can be autocorrelated, there may be heteroskedas-

ticity by member, and there may be cross-sectional dependence. All of these reduce the

actual information content of the analysis and may lead us to overstate the significance

of estimated relationships. We use the nonparametric covariance matrix estimator pro-

posed by Driscoll and Kraay (1998). This helps to make our standard errors robust to

general forms of spatial and temporal dependence, as well as being heteroskedasticity-

and autocorrelation-consistent.

Table 5 presents estimates of (DinD) using word, statement, and question counts. The

main result, indicated by the coefficient is on the interaction term, is that in FOMC2

22An earlier version of this paper (Hansen, McMahon, and Prat 2014) included D(Trans) estimates
which reflected one of the omitted time fixed effects. To not distract the reader, we have forced our
estimation to drop D(Trans). This does not affect the estimates of the interaction term in any way.
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less experienced members make significantly fewer interjections and ask fewer questions.

(Recall that since career concerns decline with experience, the direction of the effect of

career concerns is opposite in sign to the estimated coefficient.)

Table 5: Diff-in-Diff Results: Count measures of deliberation

(1) (2) (3) (4) (5) (6)
Main Regressors Total Words Statements Questions Total Words Statements Questions

Fed Experience 973*** 6.38 5.04 232 -5.49 -2.62
[0.000] [0.142] [0.163] [0.200] [0.305] [0.124]

D(Trans) x Fed Experience 0.42 0.026 0.0047 -0.68 0.11*** 0.037***
[0.798] [0.298] [0.666] [0.738] [0.010] [0.007]

Constant -13,991*** -93.3 -75.6 0 0 0
[0.000] [0.157] [0.167] [.] [.] [.]

Unique Members 36 36 36 36 36 36
Member FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
Within Meeting FOMC1 FOMC1 FOMC1 FOMC2 FOMC2 FOMC2
Sample 89:11-97:09 89:11-97:09 89:11-97:09 89:11-97:09 89:11-97:09 89:11-97:09
Obs 1148 1148 1148 1138 1138 1138

Rookie effect - - - - -49 -49

Notes: This table reports the results of estimating (DinD) on variables related to count
measures of the discussion. Where the difference in difference is statistically significant,
the rookie effect reports how many percentile points the pre-transparency median member
would move if their behavior changed by the differential effect of transparency on mem-
bers with one year of Fed experience compared to a member with 20 years of experience.
Coefficients are labeled according to significance (*** p<0.01, ** p<0.05, * p<0.1) while
brackets below coefficients report p-values.

To quantify the economic importance of the statistically significant coefficients in

columns (5) and (6), we report what we term the rookie effect. The first step in con-

structing this is to compute the estimated difference between how a member with one

year of Fed experience (a rookie) and one with 20 (a veteran) react to transparency.

These numbers roughly correspond to modes of the distribution of experience presented

in figure 11. For example, the estimated coefficient of 0.11 in column (5) implies that

the difference between the number of statements a rookie and a veteran make drops by

19× 0.11 = 2.09 after transparency. The second step is to report this difference in terms

of a percentile change from the median of the pre-transparency distribution of the de-

pendent variable, which in the case of statements is 2. So, the rookie effect takes one

into the first percentile of the distribution, implying a change of 49 percentiles relative

to the pre-transparency median. This effect and that for questions are thus particularly

dramatic. Throughout the rest of the paper, we continue to report the rookie effect for

all statistically significant interaction terms.

Table 6 shows the results for our measures of formality and topic breadth. During

the policy discussion in FOMC2, rookies are particularly more likely to devote attention
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Table 6: Diff-in-Diff Results: Economics focus and concentration of topics discussed

(1) (2) (3) (4)
Main Regressors Economics Economics Herfindahl Herfindahl

Fed Experience -0.28*** 0.036 -0.0035 -0.018
[0.008] [0.484] [0.852] [0.134]

D(Trans) x Fed Experience 0.00019 -0.0014** 0.00061* -0.00028***
[0.655] [0.018] [0.060] [0.003]

Constant 4.85*** 0 0.16 0
[0.002] [.] [0.581] [.]

Unique Members 36 36 36 36
Member FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Within Meeting FOMC1 FOMC2 FOMC1 FOMC2
Sample 89:11-97:09 89:11-97:09 89:11-97:09 89:11-97:09
Obs 1148 1138 1148 1138

Rookie effect - 21 -20 12

Notes: This table reports the results of estimating (DinD) on variables related to count
measures of the discussion. Where the difference in difference is statistically significant,
the rookie effect reports how many percentile points the pre-transparency median member
would move if their behavior changed by the differential effect of transparency on mem-
bers with one year of Fed experience compared to a member with 20 years of experience.
Coefficients are labeled according to significance (*** p<0.01, ** p<0.05, * p<0.1) while
brackets below coefficients report p-values.

to economics topics. The pattern for the topic concentration index moves in opposite

directions during FOMC1 and FOMC2. Inexperienced members come into the meeting

and discuss more topics on average compared to experienced members when analyzing

the economic situation, but when the meeting moves to policy debate inexperienced

members limit their attention to fewer topics. This is consistent with inexperienced

members bringing relatively more information into the meeting in the form of a more

diverse statement in FOMC1, but then not engaging with their colleagues in FOMC2

since such engagement would force them to touch on viewpoints other than their own.

If discipline effects encourage especially rookie members to gather additional data

between meetings, we would expect such efforts to subsequently appear in the text data

in the form of greater reference to numbers and quantitative indicators. Table 7 presents

the results using our measures of quantitative content. Ex ante, we might expect the

discipline effect on text to be strongest in FOMC1 since during this section members

generally read a prepared statement, while FOMC2 is more extemporaneous. Consistent

with this, we find highly significant effects of transparency on the quantitative discussion

of rookies in FOMC1, both on the count and topic measures. But we also find that

there is a significant increase in quantitative discussion among rookies in FOMC2 as well

relative to veterans. This indicates that rookies indeed prepare more between meetings,

and not only show this in their scripted statements on the economy, but also in justifying
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their policy views.

Table 7: Discussion of numbers and data indicators

(1) (2) (3) (4)
Main Regressors Numbers Numbers Data Topics (7&11) Data Topics (7&11)

Fed Experience 21.6*** 1.83 0.066** 0.010
[0.001] [0.618] [0.032] [0.485]

D(Trans) x Fed Experience -0.21*** -0.078*** -0.00071*** -0.00027**
[0.004] [0.005] [0.003] [0.035]

Constant -312*** 0 -0.92** 0
[0.002] [.] [0.045] [.]

Unique Members 36 36 36 36
Member FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Within Meeting FOMC1 FOMC1 FOMC1 FOMC2
Sample 89:11-97:09 89:11-97:09 89:11-97:09 89:11-97:09
Obs 1148 1138 1148 1138

Rookie effect 14 14 17 16

Notes: This table reports the results of estimating (DinD) on variables related to numbers
and data indicators. Where the difference in difference is statistically significant, the rookie
effect reports how many percentile points the pre-transparency median member would move
if their behavior changed by the differential effect of transparency on members with one
year of Fed experience compared to a member with 20 years of experience. Coefficients are
labeled according to significance (*** p<0.01, ** p<0.05, * p<0.1) while brackets below
coefficients report p-values.

Table 8 presents the results of estimating DinD with the topic overlap measures as

dependent variables. Recall that in the difference specification, we found the average

member decreased the topic overlap with Greenspan. However, as discussed in section

2, we would nevertheless expect greater conformity among rookies for two reasons: first,

they are less likely to know their type, and second, the public is less likely to know their

type. Both effects push them towards conformity rather than non-conformity. The main

result from the (DinD) specification is that after transparency, inexperienced members

speak more like Greenspan in FOMC2—for each measure, the experienced either become

less similar or more distance from Greenspan after transparency. This shows a systematic

difference between rookies and veterans regarding their willingness to deviate from the

topics Greenspan discusses initially.

Overall, we generally find a correspondence between the overall behavioral shift in

transparency from specification (DIFF) and the relative difference between rookies and

veterans. In other words, rookies by and large do more of whatever the overall committee

also does more of after transparency. The two main exceptions are topic concentration in

FOMC1 and distance from Greenspan in FOMC2 but, as we have repeatedly mentioned,

the overall average change in these could be driven by factors unrelated to career concerns.

In terms of robustness of all of the difference-in-differences findings, in appendix C we
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Table 8: Overlap of member and Chairman topics

(1) (2) (3)
Main Regressors DP BH KL

Fed Experience -0.011 0.0035 -0.065
[0.453] [0.940] [0.754]

D(Trans) x Fed Experience -0.00021** -0.00058** 0.0023*
[0.037] [0.033] [0.055]

Constant 0.21 0 0
[0.343] [.] [.]

Unique Members 35 36 36
Member FE Yes Yes Yes
Time FE Yes Yes Yes
Within Meeting FOMC2 FOMC2 FOMC2
Sample 89:11-97:09 89:11-97:09 89:11-97:09
Obs 1074 1138 1138

Type of measure Similarity Similarity Distance
Rookie effect 12 11 -9

Notes: This table reports the results of estimating (DinD) on variables measuring similarity
to or distance from Chairman Greenspan. Where the difference in difference is statistically
significant, the rookie effect reports how many percentile points the pre-transparency me-
dian member would move if their behavior changed by the differential effect of transparency
on members with one year of Fed experience compared to a member with 20 years of expe-
rience. Coefficients are labeled according to significance (*** p<0.01, ** p<0.05, * p<0.1)
while brackets below coefficients report p-values.

carry out three main robustness tests related to the sample choice. First, we examine the

results if we drop all the 1993 observations to control for some of the committee knowing

sooner about the transcripts. Second, we drop four members whom internal Fed accounts

suggest did know about the written record of the earlier meetings before October 1993.

And finally we run a Placebo test using the second half of the Greenspan’s tenure as

Chairman, and imposing November 2001 as an artificial change in transparency. In all

cases, the main results of the analysis are robust.

6 Transparency and Influence

Ultimately we are interested in linking the effects of transparency to the theoretical frame-

work provided by career concerns models. As discussed in section 2, two key expected

effects of transparency are an increase in discipline and a change in conformity. Though

theoretical models do not uniquely predict whether conformity or non-conformity will

increase, our results on inexperienced members’ distance from Greenspan together with

their disengaging more during debate in FOMC2 clearly point towards fitting in being

more important than standing out. Therefore we focus on conformity increasing (rather

than non-conformity increasing).

Table 9 categorizes the main difference-in-differences results from the previous section
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Table 9: Summary of rookies’ behavioral response to transparency

Evidence for discipline Evidence for conformity
↑ economics topic coverage in FOMC1 ↓ statements in FOMC2

↑ numbers in FOMC1 ↓ questions in FOMC2
↑ references to data topics in FOMC1 ↑ economics topic percentage in FOMC2

↓ economics topic coverage in FOMC2
↓ distance from Greenspan in FOMC2

in terms of their support for discipline or conformity. On the one hand, inexperienced

members use the opening part of the meeting (FOMC1) to discuss more economics topics,

and when they do so they refer to quantitative evidence more often. Then in FOMC2

they spend more time in formal discussion; make fewer statements and questions; stick to

a narrow agenda of economics topics in FOMC2; and increase mimicry of Greenspan. Of

course, ours is not a structural exercise and for each individual result other interpretations

might be possible. Taken as a whole, though, we argue that the set of facts we have

uncovered can be interpreted plausibly and cleanly through the lens of career concerns.

The effects of discipline and conformity on the informativeness of FOMC members’

expressed views go in opposite directions. With discipline, members spend additional

time gathering information before meetings, which should tend to increase informative-

ness. With conformity, members are more likely to avoid expressing their true views,

which should tend to decrease informativeness. This section explores the overall effect

on informativeness after the shift to transparency by measuring changes in influence.23

6.1 Influence

The basic motivation behind our measurement of influence is the following: as i’s speech

becomes more informative, i’s colleagues should incorporate i’s topics more in their own

speech. This idea is analogous to the measurement of academic impact. A paper is

influential if it is cited by other influential papers. The potential circularity of this

definition is handled by using recursive centrality measures, the most common of which

is eigenvector centrality, which is used in a large number of domains (see Palacios-Huerta

and Volij (2004) for a discussion and an axiomatic foundation). For instance, PageRank,

the algorithm for ranking web pages, builds on eigenvector centrality. Recursive impact

factor measures are increasingly common in academia.

In our set-up, the influence measure is built in two steps. First, we construct a matrix

of binary directed measures (how i’s statements relate to j’s future statements). Second,

we use this matrix to compute eigenvector centrality.

For the first step, we use the same similarity measures introduced in section 4.8 for

23An earlier version of this paper,Hansen, McMahon, and Prat (2014), also explored changes in other
aspects of policy that coincided with the change in transparency and are consistent with our findings.
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measuring proximity to Greenspan.24 For concreteness, begin by considering the dot

product—the construction using the Bhattacharyya coefficient is identical. Let Wt be

a within-meeting influence matrix with elements Wt(i, j) = χi,t,FOMC1 · χj,t,FOMC2. In

words, we say member i influences j within a meeting when i’s speaking about a topic in

FOMC1 leads to j’s being more likely to speak about it in FOMC2.

For the second step, use Wt to obtain a Markov matrix W′
t by way of the column

normalization W′
t(i, j) = Wt∑

j Wt(i,j)
. From there, we measure the within-meeting influence

of member i in meeting t as the ith element of the (normalized) eigenvector associated

with the unit eigenvalue of W′
t. Denote this value by Wit. Loosely speaking, Wit measures

the relative contribution of member i’s FOMC1 topics in shaping the topics of all members

in FOMC2. Since Alan Greenspan’s views are potentially dominant for shaping policy,

another quantity of interest is i’s influence just on Greenspan WG
it ≡ Wit ×W′

t(i, G),

where G is Greenspan’s speaker index.

Some observers—notably Meyer (2004)—have argued that in fact influence across

meetings is more important than influence within meetings.25 We therefore define an

across-meeting influence matrix At where At(i, j) = χi,t,FOMC2 ·χj,t+1,FOMC2 and arrive

at an overall influence measure Ait and a Greenspan-specific influence measure AGit in a

manner identical to that described for the within-meeting measures. We focus on the

effect of FOMC2 in meeting t on FOMC2 in meeting t+ 1 since influence on policy is the

main quantity of interest.26

Table 10 displays the results for influence.27 All measures show that rookies become

more influential on debate after transparency, although there is some variation in sig-

nificance depending on the proximity measure we choose. The dot product picks up a

highly significant increase in overall influence across meetings, while the Bhattacharyya

coefficient picks up a significant increase within meetings. The results on influence on

Greenspan are similar, with more statistical and economic significance. During our sam-

24We do not use the Kullback-Leibler divergence because its interpretation as an influence measure is
unclear. For example, if member i is distant from member j, and member j is distant from member k,
it does not follow that i is distant from k.

25Meyer (2004) writes

So was the FOMC meeting merely a ritual dance? No. I came to see policy decisions
as often evolving over at least a couple of meetings. The seeds were sown at one meeting
and harvested at the next. So I always listened to the discussion intently, because it could
change my mind, even if it could not change my vote at that meeting. Similarly, while
in my remarks to my colleagues it sounded as if I were addressing today’s concerns and
today’s policy decisions, in reality I was often positioning myself, and my peers, for the
next meeting.

26Table B.1 in the appendix presents a ranking of members by their overall inter-meeting influence
(left panel) and their inter-meeting influence on Greenspan (right panel).

27We do not present “diff” analysis for the influence measures. This is because the coefficient on the
D(Trans)t in the “diff” regression captures the average effect of the change in transparency but, because
our measures of influence capture relative influence, it makes no sense for these to change on average.
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Table 10: Influence

(a) Overall Influence

(1) (2) (3) (4)
Main Regressors WD AD WBH ABH

Fed Experience -0.0039 -0.010* -0.0012 0.00039
[0.380] [0.056] [0.534] [0.829]

D(Trans) x Fed Experience -0.000015 -0.00019*** -0.000042** -0.000012
[0.732] [0.009] [0.041] [0.439]

Constant 0.12* 0.22*** 0.074** 0.054*
[0.094] [0.009] [0.013] [0.062]

Unique Members 35 32 35 32
Within Meeting Intra Inter Intra Inter
Obs 1074 1039 1074 1039

Rookie effect - 17 7 -

(b) Influence on Greenspan

(1) (2) (3) (4)
Main Regressors WG

D AGD WG
BH AGBH

Fed Experience 0.00023 -0.0017* -0.000079 -0.000092
[0.748] [0.053] [0.785] [0.637]

D(Trans) x Fed Experience -6.6e-06 -0.000022*** -5.3e-06*** -1.4e-06
[0.198] [0.004] [0.000] [0.319]

Constant -0.00027 0.031** 0.0044 0.0050
[0.981] [0.027] [0.330] [0.106]

Unique Members 35 32 35 32
Within Meeting Intra Inter Intra Inter
Obs 1074 1039 1074 1039

Rookie effect - 18 8 -

Notes: This table reports the results of estimating (DinD) on measures of member influ-
ence derived from our LDA estimation. The upper table reports the results of estimating
influence on the average of the whole committee and the lower table reports the results on
influence on Chairman Greenspan. As with earlier tables, all regressions contain member
and time fixed effects (rows reporting their inclusion are omitted to save space). Where the
difference in difference is statistically significant, the rookie effect reports how many per-
centile points the pre-transparency median member would move if their behavior changed
by the differential effect of transparency on members with one year of Fed experience
compared to a member with 20 years of experience. Coefficients are labeled according
to significance (*** p<0.01, ** p<0.05, * p<0.1) while brackets below coefficients report
p-values.

40



ple, the FOMC operated rather like an advisory committee with Greenspan as a single

decision maker. Other FOMC members offered opinions and disagreement, but rarely if

ever could implement a policy that Greenspan did not favor. In this sense, our results

on increased influence on Greenspan is particularly important, since they indicate that

rookies had increased influence over policy.

The influence results show that what inexperienced members speak about after trans-

parency has a bigger impact on what others (and specifically the Chairman) speak about

in the future. One natural explanation is that what inexperienced members say after

transparency is more worth listening to than before. Another explanation is that inex-

perienced members are more likely to identify important topics before the rest of the

committee after transparency. In either case, the evidence points towards inexperienced

members bringing additional information into deliberation after transparency, even if dur-

ing that deliberation there is a tendency to disengage from the ebb and flow of debate.

7 Conclusions

Overall, we find evidence for the two effects predicted by the career concerns literature:

discipline and information distortion (the latter taking the form of a bias toward confor-

mity among less experienced members). The net outcome of these two effects appears

to be positive: even though they are less engaged in the debates, rookies become more

influential in shaping discussion. This finding alone does not imply that US monetary

policymaking improved after 1993 as a result of transparency, but does suggest that trans-

parency was responsible for changing policymakers’ information sets in a meaningful way.

Given that macroeconomic policymakers tended to focus on the negative effects on

deliberation of too much transparency, our finding of significant discipline effects is im-

portant for central bank design. The main policy implication of our results is that central

banks designers should seek to maximize the discipline effect and minimize the confor-

mity effect given that both are present in the data and have clear welfare implications.

One recent instance of how this insight has already impacted institutional design comes

from the Bank of England. As mentioned in the introduction, the Bank of England (as

well as the ECB) have recently been reviewing their policies of disclosure about infor-

mation from their policy discussions. In December 2014, the Bank of England published

the independent review authored by former FOMC Governor Kevin Warsh, who writes

that our central bank design recommendations “motivate some of the Review’s ultimate

recommendations” (Warsh 2014, p 34).

In particular, he examined the nature of the discussions at the Bank of England’s

Monetary Policy Committee’s (MPC) monthly two-day meetings. He noted that an in-

formal norm has emerged in which MPC members spend the first day in free-flowing
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debate about the economy and the second day reading from prepared scripts that explain

their policy stances. Thus, publishing transcripts from the second day does not seem to

have much downside: the fact that members do all their thinking outside of that day’s dis-

cussion means that conformity is unlikely to be relevant, while discipline should motivate

them to form more coherent, logical and evidence-based arguments in advance. On the

other hand, publishing transcripts of the first day runs a real risk of making debate sterile

due to conformity, as our results have shown. Due to this reasoning, Warsh ultimately

recommended publishing MPC meetings’ second-day transcripts (with an eight-year de-

lay) but not their first day transcripts, a change the Bank of England has committed to

implementing from August 2015. We hope that the findings in this paper can contribute

to such improvements to the policymaking process in other contexts in the future, and

motivate greater research into topics of deliberation, as well as communication, more

generally.
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Appendix For Online Publication

A Estimated Topics

Table A.1: Discussion topics

Topic Top Tokens
T0 side littl see quit better pretti concern good seem much
T4 problem becaus world believ view polit rather make by like
T7 percent year quarter growth first rate fourth half over second
T9 mr without thank laughter let move like peter call object
T14 other may also point first suggest might least indic like
T15 point right want said make agre say comment now realli
T16 now too may all economi seem good much still long
T17 question whether how ask issu rais answer ani know interest
T18 tri can out work way get make how want need
T19 year last month over meet next week two three decemb
T22 year line panel right shown chart by left next middl
T26 up down come out back see off start where look
T27 governor ye vice kelley stern angel parri minehan hoenig no
T32 peopl talk lot say around get thing when all becaus
T33 chang no make reason ani can way other whi becaus
T34 new seem may uncertainti even see much bit by now
T39 look see get seem now when happen realli back regard
T42 get thing problem lot term look realli kind out say
T44 get move can all stage inde signific becaus ani evid
T49 say know someth all can thing anyth happen cannot els

1



Table A.2: Economics topics

Topic Top Tokens
T1 price oil increas oilprice effect suppli through up higher demand
T2 target object credibl pricestabil issu goal public achiev strategi lt
T3 direct move support mr recommend prefer asymmetr symmetr favor toward
T5 polici monpol such by action might zero when possibl respons
T6 committe meet releas discuss minut announc vote decis member inform
T8 project expect recent year month data forecast by activ revis
T10 condit committe period reserv futur consist sustain read develop maintain
T11 number data look indic show up measur point evid suggest
T12 statement word languag like use altern sentenc commun refer chang
T13 rate market year spread yield month panel sinc page volatil
T20 model use effect differ rule estim actual result simul relationship
T21 forecast greenbook project assum assumpt staff by baselin scenario path
T23 invest inventori capit incom consum spend busi hous household sector
T24 period reserv market borrow billion day million by treasuri bill
T25 inflat percent core measur level low ue cpi year over
T28 rate market move fund bps ffr polici action point need
T29 product increas wage cost price labor labmkt trend rise acceler
T30 polici might committe may by tighten market eas such seem
T31 district nation manufactur activ region continu area economi employ remain
T35 sale year price industri level continu product auto increas good
T36 rate intrate lt expect real effect lower declin level st
T37 dollar market yen against by intervent mark japanes currenc exrate
T38 bank credit debt loan financi asset by market other also
T40 risk balanc downsid concern view upsid both now side meet
T41 dollar countri export import foreign trade deficit us real other
T43 growth continu economi slow increas strong remain recent expect expans
T45 economi fiscal weak recoveri recess cut confid econom spend budget
T46 treasuri oper secur billion use issu author swap system hold
T47 busi report contact firm compani said up year plan increas
T48 rang money aggreg altern growth nomin monetari veloc year target
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B Influence Ranking

In table B.1, we present a ranking of members by their overall influence (left panel) and
their influence on Greenspan (right panel). While the table presents the average value
of influence for each member, this can be misleading because the influence measures
are relative and so the average depends on the period during which the member served.
We try to control for the meeting-specific time variation by running a regression of each
influence measure in the table on time and member fixed effects (ABH/A

G
BH = αit+δt+εit).

We report, and base the ranking on, the member-fixed effects from this regression.
This table shows that members who are highly influential overall tend to exhibit

influence over Chairman Greenspan. However, there are some members who exhibit
greater influence over the committee overall than they do over Chairman Greenspan (such
as Governor Larry Meyer). Interestingly, while Chairman Greenspan is a good predictor
of what Chairman Greenspan will subsequently talk about, other FOMC members seem
to influence future Chairman Greenspan even more. Perhaps surprisingly Chairman
Greenspan is found to exhibit relatively little influence over the overall FOMC. While
we leave a deeper investigation of the reasons that some members are more influential
than others for future work, one potential reason for this might be that members tend
to use their statements in FOMC2 to reinforce or dispute the proposed policy strategy
of Chairman Greenspan by talking about different topics to those which he brought up;
because of persistence in what is discussed, this is reflected even in the inter-meeting
influence measures. Moreover, in his role as Chairman, Governor Greenspan may discuss
some topics every meeting which, in many meetings, are not discussed by others and this
would negatively affect his overall influence.
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Table B.1: Inter-Meeting Influence Measures by Member - ABH&AGBH

Meetings in Overall Influence
Speaker Sample Fixed Effect Average
GUFFEY 15 0.0013 0.0612
BLACK 24 0.0006 0.0582
RIVLIN 11 0.0023 0.0576
KEEHN 38 0.0012 0.0572
CORRIGAN 29 0.0004 0.0567
GUYNN 14 0.0009 0.0565
MEYER 9 -0.0004 0.0564
FORRESTAL 49 0.0009 0.0563
MOSKOW 25 0.0014 0.0562
SYRON 35 0.0004 0.0561
HOENIG 49 0.0016 0.0557
BOYKIN 10 0.0013 0.0557
MELZER 64 0.0002 0.0556
MINEHAN 26 0.0009 0.0556
KELLEY 64 0.0000 0.0555
SEGER 11 0.0009 0.0554
MCDONOUGH 34 0.0002 0.0553
BROADDUS 39 0.0008 0.0553
ANGELL 34 -0.0005 0.0552
PARRY 64 0.0008 0.0552
PHILLIPS 47 0.0013 0.0551
STERN 62 0.0007 0.0547
YELLEN 20 0.0011 0.0547
LAWARE 43 0.0006 0.0544
BOEHNE 63 -0.0001 0.0543
MCTEER 54 -0.0002 0.0541
MULLINS 29 0.0005 0.0539
GREENSPAN 64 -0.0017 0.0537
HOSKINS 15 -0.0010 0.0536
BLINDER 13 -0.0003 0.0534
LINDSEY 41 0.0001 0.0533
JORDAN 45 -0.0009 0.0531
JOHNSON 5 -0.0023 0.0504

Meetings in Greenspan Influence
Speaker Sample Fixed Effect Average
GUFFEY 15 0.00134 0.00393
BLACK 24 0.00059 0.00348
CORRIGAN 29 0.00041 0.00334
KEEHN 38 0.00125 0.00333
RIVLIN 11 0.00228 0.00324
SYRON 35 0.00041 0.00324
KELLEY 64 -0.00002 0.00321
FORRESTAL 49 0.00092 0.00320
GREENSPAN 64 -0.00174 0.00318
GUYNN 14 0.00085 0.00317
MOSKOW 25 0.00140 0.00313
BOYKIN 10 0.00135 0.00309
SEGER 11 0.00094 0.00309
MELZER 64 0.00017 0.00309
HOENIG 49 0.00160 0.00309
ANGELL 34 -0.00047 0.00308
MINEHAN 26 0.00086 0.00305
PHILLIPS 47 0.00127 0.00304
BOEHNE 63 -0.00005 0.00303
MCTEER 54 -0.00020 0.00302
PARRY 64 0.00084 0.00302
MCDONOUGH 34 0.00023 0.00302
MEYER 9 -0.00044 0.00300
LAWARE 43 0.00057 0.00300
STERN 62 0.00066 0.00300
BROADDUS 39 0.00081 0.00299
MULLINS 29 0.00051 0.00290
YELLEN 20 0.00113 0.00289
LINDSEY 41 0.00011 0.00288
HOSKINS 15 -0.00100 0.00283
JORDAN 45 -0.00086 0.00282
BLINDER 13 -0.00027 0.00279
JOHNSON 5 -0.00234 0.00252

Notes: This table reports, for overall FOMC influence (left panel) and influence on Chair-
man Greenspan (right panel), some statistics on the inter-meeting influence measures. The
table presents the average value of influence for each member although the ranking is based
the member-fixed effects from a regression of the influence measure of time and member
fixed effects (ait/a

G
it = αit + δt + εit).
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C Robustness analysis

In tables C.1-C.3 below, we explore the robustness of the main diff-in-diff results presented
in the main text. In each table we report the estimated rookie effect. The first line of
each table replicates the baseline results from the main text for comparison. Where the
main diff-in-diff coefficient (φ, on the “D(Trans) × Fed Experience” regressor) is not
significant, we do not report a rookie effect. In the tables we :

1. Remove 1993 observations from the baseline sample;

2. Dropping four FOMC members from the analysis;

3. Run a placebo test on the change in transparency;

4. Use a 70-topic model, rather than the 50-topic model used in the baseline.

We first follow Meade and Stasavage (2008) and exclude 1993 from the estimation
entirely but proceed otherwise as in the baseline sample. The reason for this is that,
despite most members claiming (to each other in a conference call) that they did not know
of the transcripts, a few members certainly knew of them prior to October 1993. Therefore
we ignore the whole of 1993 as this was a period during which some FOMC members may
have already known of the transcripts and started to adjust their behavior. The estimated
rookie effect, where significantly different from zero at 10% level, are shown in the second
row of results tables (C.1-C.3). Most of the results are virtually unchanged. Where there
are some differences, these are driven mainly from the change in the precision of the
estimates; the estimated diff-in-diff coefficient on the D(Trans)× FedExpi,t regressor is
very similar. For example, although the rookie effect on Bhattacharyya similarity is not
statistically significant when we drop 1993, the φ coefficient estimate is relatively similar
(-0.00051 compared to -0.00058 in the baseline estimates).

Table C.1: Comparison of results for different robustness checks I

(1) (2) (3) (4) (5) (6)
FOMC1 FOMC1 FOMC1 FOMC2 FOMC2 FOMC2

Rookie effect Total Words Statements Questions Total Words Statements Questions

Baseline - - - - -49 -49

Excluding 1993 - - 2 - -49 -49

Dropping some members - - - - -49 -49

Placebo Estimates - 6 4 - - -

70-topic model - - - - -49 -49

Notes: This table reports, for a variety of robustness tests, the rookie effect as reported in
the main text.

The second robustness exercise is to keep the baseline sample window, but remove
four FOMC members who knew of the written record in advance of October 1993. The
members that we drop are Presidents Boehne and Melzer, and Governors Mullins and
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Table C.3: Comparison of results for different robustness checks III

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
Rookie effect DP BH KL WD AD WBH ABH WG

D AGD WG
BH AGBH

Baseline 14 11 -10 - 16 7 - 7 21 8 -

Excluding 1993 12 - - - 8 - - - 14 7 -

Dropping some members 19 17 -17 - 16 8 - 12 25 10 6

Placebo Estimates - - - - - - - - - - 7

70-topic model 12 9 -9 - 10 - - 17 17 - -

Notes: This table reports, for a variety of robustness tests, the rookie effect as reported in
the main text.

Angell. According to the account in Lindsey (2003), they all found out early about the
existence of the transcripts. While none of these members necessarily expected the ex-
istence of these records to ever be revealed (let alone that the records would be made
public), we believe that showing the results are not driven by their behavior is an im-
portant robustness check. These results are reported in the third row of the tables. The
main results of the paper remain and, in fact, the estimated effects tend to get larger.

We next consider a placebo test on the date of the change in transparency. In particu-
lar, we take the second half of Alan Greenspan’s tenure on the committee, November 1997
to January 2006 (which is not used in the baseline analysis), and we impose November
2001 as the meeting at which transparency changed. Of course, since transparency did
not actually change at that point, we expect to get zero results on the diff-in-diff with
this test. The results in the fourth row of the tables show that there is no systematic
evidence to suggest that the results we find are, for example, driven by trends related to
Greenspan’s growing power over the tenure of his time on the committee.

Finally, as discussed in the main text, we selected 50 topics in the baseline analysis
for interpretability. We have also carried out the analysis using a 70 topic model. The
results of the analysis of the 70 topic model are shown in the final row of the tables. The
estimated sign and size of the main coefficients are quite similar using the larger number
of topics (though standard errors are wider for some regressions). Overall, the results are
very similar.
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