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1. INTRODUCTION AND MOTIVATION
The primary goal of this paper is to create a quantitative and procedural method for
measuring transparency. I aim to quantify the effectiveness of this current method of policy
communication by analyzing the reactions, and thus relationship, between publically
available FOMC meeting materials and federal funds futures rates and euro-dollar
fluctuations around FOMC meeting dates. I will be analyzing the language used in these
documents and news articles through natural language processing techniques, primarily by
way of text scraping/mining for linguistic variations of key variable terms, such as
“inflation” and “unemployment”. Not only is this in an effort to understand the history and
chronology of circulating, policy/economic-related conversations between the Fed and the
public, but is also to understand to what magnitude the release of information can
contribute to reactionary effects in the aggregate economy. Studying fed funds futures rates
and euro-dollar fluctuations will help in isolating and identifying such monetary policy
shocks.
Given the importance of the topics contained in these documents, it is not surprising
that, over the years, both the public and the FOMC itself have favored greater transparency.
The transparency considered here is concerned with document publication, which, in
practice, can take two forms: the first is a matter of timing, the second is one of translation.
uestions of translation consider the process of distilling detailed information into a concise
summary; for example, which words and topics from FOMC meetings should be included in
the meeting minutes? Despite the importance of these documents, topics of timing and, to
an even lesser extent, translation have received little empirical attention. This is the first
quantified measure of transparency of which is constructed from documents to which both

the public, and the FOMC itself, pay a great deal of attention: the meeting minutes and
transcripts—the main vehicles through which the public can ascertain the content of
FOMC meetings and the nature of the deliberations that underlie monetary policy decisions
as well as news sources.
2. RELATED LITERATURE
The view that more transparency may lead to more conformity and hence less
information revelation is formalized in the career concerns literature. Greater disclosure
can induce experts who are concerned with their professional reputation to pool on actions
that are optimal given available public signals even when their private signals would
suggest that other actions are optimal (Prat 2005). In such circumstances, the principal
benefits from committing to a policy of limited transparency. Of course, it is possible that
both effects—discipline and conformity—operate simultaneously, in which case one should
ask whether on balance more disclosure improves or worsens information aggregation. We
are able to explore these issues by exploiting the natural experiment that led to the release
of the FOMC transcripts. Since the 1970s, FOMC meetings were tape recorded to help
prepare minutes. Unknown to committee members, though, these tapes were transcribed
and stored in archives before being recorded over. They only learned this when Greenspan,
under pressure from the US Senate Committee on Banking, Housing, and Urban Affairs
(Senate Banking Committee hereafter), discovered and revealed their existence to the
politicians and the rest of the FOMC. To avoid accusations of hiding information, and to
relieve potential pressure to release information in a more timely fashion, the Fed quickly
agreed to publish the past transcripts and all future transcripts with a five-year lag. We

thus have a complete record of deliberation both when policymakers did not know that
their verbatim discussions were being kept on file let alone that such information would be
made public (prior to November 1993), and when they knew with certainty that their
discussions would eventually be made public. Meade and Stasavage (2008) have previously
used this natural experiment to analyze the effect of transparency on members’ incentives
to dissent in voice. This dissent data, recorded in Meade (2005), is a binary measure based
on whether a policymaker voiced disagreement with Chairman Greenspan’s policy
proposal during the policy debate. Their main finding, which they interpret as conformity,
is that the probability that members dissent declines significantly after transparency. We
instead generate communication measures based on basic text counts and on topic models,
a class of machine learning algorithms for natural language processing that estimates what
fraction of time each speaker in each section of each meeting spends on a variety of topics.
This approach allows one to construct several measures of communication relating to both
discipline and conformity, and also to compare which effect is stronger. The wealth of data
also allows us to extend Meade and Stasavage (2008) in another direction.
3. CONSTRUCTION OF TRANSPARENCY INDEX
The construction of a transparency index involves use of natural language
processing techniques, particularly text scraping and text mining, on two types of
materials. The first includes publicly available FOMC materials, primarily transcripts and
minutes. The second involves news sources, which include articles in Bloomberg, Wall
Street Journal, the NY Times, and the Chicago Tribune containing information pertinent to
Federal Reserve actions. By text scraping these two sources, we should be able to

understand the translation of Fed policy actions as described in the FOMC statements into
readership by the public at-large.
3.1. Application of LDA to Central Bank Policy
The primary algorithm we use to conduct topic-modelling of the FOMC transcripts
and minutes is Latent Dirichlet Allocation (LDA) introduced by Blei, Ng, and Jordan (2003).
LDA is widely used in linguistics, computer science, and other fields and has been cited
over 8,000 times in ten years. While topic modelling approaches are beginning to appear in
the social science literature, there use so far is mainly descriptive. For example, Quinn,
Monroe, Colaresi, Crespin, and Radev (2010) apply a topic model similar to LDA to
congressional speeches to identify which members of Congress speak about which topics.
An innovation of our paper is to use communication measures constructed from LDA
output as dependent variables in an econometric model explicitly motivated by economic
theory (more specifically, career concerns). We believe this illustrates the potential
fruitfulness of combining traditional economic tools with those from the increasingly
important world of “Big Data” for empirical research in economics more broadly. Fligstein,
Brundage, and Schultz (2014)—developed independently6 from this paper—also apply
LDA to FOMC transcripts focusing on the period 2000-2007. They describe the topics that
the meeting as a whole covers rather than the topics of individuals, and verbally argue they
are consistent with the sociological theory of “sense making”. They claim that the standard
models that macroeconomists use led them to fail to connect topics related to housing,
financial markets and the macroeconomy. In contrast, this paper uses LDA applied to all
data from the Greenspan era (1987-2006) to construct numerous measures of
communication patterns at the meeting-section-speaker level and embeds them within a

difference-in-differences regression framework to identify how transparency changes
individual incentives. Bailey and Schonhardt-Bailey (2008) and Schonhardt-Bailey (2013)
also use text analysis to examine the FOMC transcripts. They emphasize the arguments and
persuasive strategies adopted by policymakers (measured using a computer package called
“Alceste”) during three periods of interest (1979-1981, 1991-1993, and 1997-1999). 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.
Our current method of LDA as applied to transcripts include a topic clustering of the
top ten words most frequently associated together in four-year intervals. For example, the
most frequently cited topic from 1976-1979 includes “rate”, “burns”, “time”, “range”,
“miller”, “market”, “growth”, “m1”, “funds”, and “point”. The most frequently cited topic
from 2006-2009 includes “inflation”, “rate”, “growth”, “policy”, “year”, “prices”, “markets”,
“forecast”, and “time”. An in-depth analysis and summary statistic table will be provided in
the next draft of this proposal.
3.2. News-Source Construction and Sensitivity
Similar to the process outlined by Husted et al. (2016), within news sources we
search for articles containing variations on key variable terms, such as (i) "inflate" or
"unemploy," (ii) "Federal fund(s) rate" or "Fed fund(s) rate," and (iii) "Federal Reserve" or
"the Fed" or "Federal Open Market Committee" or "FOMC". We do this for all articles
surrounding the FOMC meeting dates. It is worth noting that this daily index is aggregated
into inter-meeting intervals (as well as monthly levels), while Baker et al. (2015) constructs
a monthly measure. Since FOMC decisions are made on pre-specified meeting dates, our

index allows us to incorporate information arrival following each FOMC meeting and
capture any effects that FOMC (in)actions have on the transparency between the Fed and
the public.
I consider the accuracy and sensitivity of the baseline transparency index by adding
several adjustments into its construction. With the news-based approach specifically, our
search is narrowed to only search for articles which have both key variable terms, such as
“inflate” and “unemploy” and the phrases: “Federal Reserve,” “The Fed,” or “monetary
policy” existing in the same space. More deeply, I restrict this universe, by limiting our
search to word zones of a 20-word maximum. Husted et al. (2016) takes a similar approach
with proximity refinement, and concludes that this restriction has a smaller type II error, as
it filters our more of both “false” articles and “correct” articles. In order to better
understand the trade-offs associated with using the proximity refinement, we plan to
extract and read several articles. However, while this proximity search does filter out
articles that mention all the keywords, it is difficult to analyze these articles, as the explicit
term “transparency” is not indicative of describing Fed policy action by these news sources.
There are certain lexicons that may describe Fed policy actions, with words that contain
clear-cut terms, such as action verbs and explicit adjectives. A direct approach such as this
is foreseeable to be problematic and extremely subjective. Thus, it is more important to
look upon the news-based approach as a robustness check after the transparency index has
been applied to monetary policy data. By doing so, we will be able to identify only articles
that pertain to reactionary effects of the FOMC’s released policy decisions and assess the
level of readership and understanding afterwards.

3 EMPIRICAL PLAN: RESPONSE OF INDEX TO MONETARY POLICY SHOCKS
As a test of our index, we examine whether the FOMC was more or less likely to surprise
the markets with their interest rate decisions. To do this, we plan to use the surprise data
as developed in both Gurkaynak, Sack, and Swanson (2005), which measures the effect of
both short and longer term movements in the yield curve, and Kuttner (2001) (which was
subsequently used in Bernanke and Kuttner (2005)) which captures the shorter end
movements 41 only. These data are derived from traded futures securities which allow one
to decompose movements in the Fed Funds target rate into expected and unexpected
moves.
A visual of our current summary statistics of Fed Funds Futures Rate and Euro-Dollar
fluctuations around FOMC meeting dates from 1990-2012 and 1985-2012, respectively, we
plan to use are presented in Appendix A. It is worth noting that this high frequency data of
futures and euro-dollar rates, is scaled to account for the day of the month in which the
meeting took place.
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Appendix A: Cited Facts and Figures
Figure 1. Monetary Policy Shocks
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Data provided by Michael T. Kiley, Board of Governors Division of Financial Stability.
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Table 1. Stop Word List

Total: 569
Originated from Cornell’s SMART stopword list

Figure 2. Latent Dirichlet Allocation Explained

Graphical model representation of LDA. The boxes are “plates” representing replicates. The
outer plate represents documents, while the inner plate represents the repeated choice of
topics and words within a document.
Latent Dirichlet allocation (LDA) is a generative probabilistic model of a corpus. The basic
idea is that documents are represented as random mixtures over latent topics, where each
topic is characterized by a distribution over words. Several simplifying assumptions are
made in this basic model, some of which we remove in subsequent sections. First, the
dimensionality k of the Dirichlet distribution (and thus the dimensionality of the topic
variable z) is assumed known and fixed. Second, the word probabilities are parameterized
by a k ×V matrix β where βi j = p(wj = 1|zi = 1), which for now we treat as a fixed quantity
that is to be estimated. Finally, the Poisson assumption is not critical to anything that
follows and more realistic document length distributions can be used as needed.
Furthermore, note that N is independent of all the other data generating variables (θ and
z). It is thus an ancillary variable and we will generally ignore its randomness in the
subsequent development. A k-dimensional Dirichlet random variable θ can take values in
the (k −1)-simplex (a k-vector θ lies in the (k−1)-simplex if θi ≥ 0, ∑k i=1 θi = 1), and has
the following probability density on this simplex:

where the parameter α is a k-vector with components αi > 0, and where Γ(x) is the Gamma
function. The Dirichlet is a convenient distribution on the simplex — it is in the exponential
family, has finite dimensional sufficient statistics, and is conjugate to the multinomial
distribution. These properties will facilitate the development of inference and parameter
estimation algorithms for LDA. Given the parameters α and β, the joint distribution of a
topic mixture θ, a set of N topics z, and a set of N words w is given by:

where p(zn |θ) is simply θi for the unique i such that zi n = 1. Integrating over θ and
summing over z, we obtain the marginal distribution of a document:

Finally, taking the product of the marginal probabilities of single documents, we obtain the
probability of a corpus:

The LDA model is represented as a probabilistic graphical model in Figure 1. As the figure
makes clear, there are three levels to the LDA representation. The parameters α and β are
corpuslevel parameters, assumed to be sampled once in the process of generating a corpus.
The variables θd are document-level variables, sampled once per document. Finally, the
variables zdn and wdn are word-level variables and are sampled once for each word in
each document. It is important to distinguish LDA from a simple Dirichlet-multinomial
clustering model. A classical clustering model would involve a two-level model in which a
Dirichlet is sampled once for a corpus, a multinomial clustering variable is selected once for
each document in the corpus, and a set of words are selected for the document conditional
on the cluster variable. As with many clustering models, such a model restricts a document
to being associated with a single topic. LDA, on the other hand, involves three levels, and
notably the topic node is sampled repeatedly within the document. Under this model,
documents can be associated with multiple topics. Structures similar to that shown in
Figure 1 are often studied in Bayesian statistical modeling, where they are referred to as
hierarchical models (Gelman et al., 1995), or more precisely as conditionally independent
hierarchical models (Kass and Steffey, 1989). Such models are also often referred to as
parametric empirical Bayes models, a term that refers not only to a particular model
structure, but also to the methods used for estimating parameters in the model (Morris,
1983).

