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A Parametric Estimation of the Policy Stance
from the Central Bank Minutes
I estimate the policy stance on the monetary policy rate decision, which stands
for the intensity of the committee’s consensus to adjust the policy rate, with the
minutes of the Bank of Korea from 1999 to May 2018. The policy stance is esti
mated more directly without relying on external dictionary information by using a
parametric model that combines two observations—the text of the minutes and the
actual policy rate decision, both of which are closely related to the policy stance.
I also propose an algorithm matching nonconsecutive collocations to improve the
quality of the Korean text data. The estimated policy stance is applied into a vector
autoregression model, and shows that it improves the identification of the policy rate
shock without losing many degrees of freedom. The results show one example where
the text data work as an alternative to the traditional economic data, possibly even
more parsimoniously and efficiently.

Keywords: Monetary Policy Rate, Policy Stance, Minutes, Bank of Korea, Price
Puzzle, Text Analysis, Korean Text, Multinomial Inverse Regression, Sufficient Re
duction
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Introduction
The central bank policy rate provides important information for financial market

participants. As the current and future path of policy rates works as one of the main
factors that affects market interest rates, market participants pay great attention to the
central bank’s policy decision meetings and to its views on the policy rate decision.
The central banks, which is well aware of this interest, tries to share their views
with the public through several communication instruments to prevent its policy rate
decision from being a severe uncertainty in the market. Among many the instruments,
the minutes from the policy decision-making meeting are arguably one of the main
instruments of so-called central bank communication.
Compared to other central bank communication instruments, one advantage of the
minutes is their relatively rich information, while the long delay before the release is
one of their shortcomings. Among the information contained in the minutes, the most
interesting information is the signal on the policy rate decision. At the time of the release
of the minutes, the policy rate decision at the meeting is already a known knowledge,
however, some unknowns, which might give an implication as to any future policy rate,
can still be uncovered from the minutes.
This paper focuses on a measure for the signal contained in the minutes, that exists
behind the policy rate decision. Note that even though the central bank refers to a huge
set of information, which includes various economic indicators, surveys, and analytical
data, the final decision is usually summarized into only a single value---a new level or
equivalently a change in the policy rate. Therefore, we can naturally imagine a single
value that represents the "degree of intention to adjust the policy rate," which exists
on the back of the policy decision. In the rest of this paper, I refer to this value as the
"policy stance" on the policy rate decision. A question is whether useful information on
the policy stance can be extracted from the text of the minutes.
This study has two main objectives regarding the policy stance. One is to estimate
the policy stance from the text of the minutes. Specifically, I estimates the policy stance
for the "base rate," which is the policy rate of the Bank of Korea (BOK). The other is to
examine whether the estimated policy stance can be used as a summary indicator of the
information set used in the policy rate decision.
At least conceptually, using data from the minutes is not the only option when es-
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timating the policy stance. The estimation using the minutes can be thought of as an
upward approach in the sense that the minutes are a consequence reﬂecting the committee members’ opinions, which form the consensus of the policy stance. On the other
hand, there can be a downward approach. Given that each member’s opinion is formed
based on the economic situation and outlook, we can think of an estimation approach
based on each member’s decision-making process and their information inputs. However, proper modelling of this approach might be far from an easy task because both the
individual and the committee’s decision-making process, the inputs, and their combined
structure can be hugely vast and complex. This difﬁculty forces the use of overly-simpliﬁed models when taking the downward approach. Hence, taking the upward approach
using the minutes could be more promising, provided that there is a stable relationship
between the policy stance and the language contained in the minutes.
There have been several studies using the text of minutes to extract semantic indicators similar to the concept of the policy stance. One stream uses only the text of the
minutes, which includes Latent Semantic Analysis (LSA) or unsupervised topic models.
For example, Boukus and Rosenberg (2006) used LSA to extract information from the
minutes of the Federal Open Market Committee (FOMC). Hansen, McMahon, and Prat
(2017) used a topic model to estimate the topics from the FOMC transcript. This unsupervised approach has advantage of relative objectivity because there is no subjective
choice of input to identify the semantic of text. However, the themes or topics derived
from those models are not a priori evident as to how they relate to the main target of
interest, that being the policy stance.
Another stream combines the text data from the minutes with external information
that helps identify the semantics of the text. A pre-speciﬁed dictionary or the text from
the internet/newpapers are examples of external information. Chague, De-Losso, Giovannetti, and Manoel (2015) estimated an "optimism factor," which indicates the degree
of optimism of the central bank about the economic situation, using a pre-speciﬁed
dictionary of words. Lucca and Trebbi (2009) extracted information on the policy rate
decision from the FOMC statements using external text from the internet/newspapers.
Compared to the purely unsupervised approach, this approach sets more clearly what
the model is supposed to return. However, it has more subjectivity issues. Using a
pre-speciﬁed dictionary can be questioned in terms of objectivity and suitability of the
dictionary word collection. On the other hand, systematically collected data from inter-
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Figure 1. Decision-Making Process Flowchart of the MPB

net/newspapers themselves can be thought of as objective information, However, there
still remains some subjectivity since a researcher needs to choose the word set that
bridges the external text to the main text.
In contrast, the approach used in this paper combines the minutes text data with
the actual policy rate decisions. The relationship between the policy stance and the
text of the minutes are parametrically modelled with a multinomial distribution. Since
conceptually both the text of the minutes and the actual policy rate decisions are closely
related with the policy stances as depicted in Fig. 1, combining these two observations
may lead us to a more accurate estimation of the policy stance than other competitive
approaches.
This supervised approach has several advantages compared to other approaches.
First, no subjective word selection is required. Although this advantage comes at the cost
of the distributional assumption, a parametric assumption is arguably more well-established subject of criticism than the choice of semantic dictionaries or bridging words.
Second, by assuming a parametric structure among the estimator and observations, that
which is to be estimated becomes more clariﬁed. In this regard, if the problem is the estimation of a speciﬁc context, such as the policy stance, the model using the observation
that is closely related to the policy stances as information would be more effective than
the unsupervised approaches. In addition, as the policy stance is deﬁned as the conditional expectation of the policy rate decision in the model, the estimate has a unit of %p,
which gives a natural measure useful in comparing the size or signs between multiple
policy stances.
More speciﬁcally, the model is estimated using a Multinomial Inverse Regression,
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which gives an advantage by using lower dimensional summary data, the sufﬁcient reduction, by projecting large text data into lower dimensions. The sufﬁcient reduction is
feasibly obtained following the method of Taddy et al. (2015). The method has been applied in several applications in its origianl study and by Gentzkow, Shapiro, and Taddy
(2016).
In the last part of the paper, the estimated policy stance is applied to identify the
monetary policy shock by plugging it into a vector-autoregression (VAR) model. Considering the decision-making hierarchy suggested in Figure. 1, the policy stance can be
thought of as a summary indicator of economic inputs, projected onto the policy rate
decision space via the decision-making process of the committee. Therefore, if the policy stance is properly estimated, it can be viewed as containing summary information
regarding the economic situation and perspective, even though no observation of that
information is used for the estimation.
The VAR model including the estimates of policy stance successfully improves a
famous identification problem, the so called "price puzzle," which is an abnormal result
that happens often in VAR models where an increase in inflation appears to be followed
by a contractionary monetary policy shock, contrary to our a priori knowledge. One
persuasive explanation by Sims (1992) for the price puzzle is that it is a kind of the
omitted variable problem, in that the model lacks information on future inflation that
can be a factor in the contractionary policy decision. In other words, some of the key
information for the identification of monetary policy shocks might be missing in the
model.
Many studies have tried to solve this puzzle by including key information in the
model. For example, factor-augmented VAR (FAVAR) by Bernanke, Boivin, and Eliasz
(2005) includes a few factors extracted from many economic indicators in the VAR
model. In my application, the estimated policy stance works in the same role as the
factors in FAVAR. However, the policy stance has an advantage in terms of parsimony
since it is only a single dimensional indicator. The parsimony can have importance in
VAR models because VARs usually suffer from a shortage of degrees of freedom. In
addition, the policy stance is conceptually a natural summary statistic, in the sense that
it summarises necessary information in a necessary way for the policy rate decision.
Moreover, unlike the factors normally extracted from public indicators, the information
embedded in the policy stance is not necessarily limited to public information.
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As the minutes of BOK are mainly written in Korean, this paper needs to handle
Korean text data. I propose and apply an algorithm that helps improve the quality of
Korean text data. Rare are studies using Korean text data. Among the few that use BOK
minutes, K. Y. Park, Lee, and Kim (2019) built sentiment indicators of monetary policy
from several documents including the minutes. Unlike this paper, their approach combines a main text with pre-speciﬁed linking texts or external news articles.1) K. Y. Park
et al. (2019) also provided results that emphasized the use of original Korean text, not
the English translated text, which encourages further Korean-based research.
The rest of the paper is organized as follows. In Section 2, the details on the data,
pre-processing, and tokenization are described. Section 3 introduces the model. In Section 4, the estimation results are presented and evaluated by the out-of-sample prediction. In Section 5, the performance of the algorithm to improve the quality of Korean
text data is evaluated. In Section 6, I briefly check whether the estimated policy stance
correlated with future inﬂation and output. Then, in Section 7, an application with the
VAR model using the policy stance is demonstrated. Finally, Section 8 concludes.

II.

Data
Our data is text from the minutes of the Monetary Policy Board (MPB) of the Bank

of Korea. The details of the MPB meetings and the minutes are described in Appendix
A. The data use a total of 223 minutes, corresponding to the policy rate decision meetings from May 6, 1999, to May 24, 2018.2)
As described in Appendix, the minutes can be divided into several subparts. In order
to eliminate unnecessary noise, I used only the core parts---the part from "discussion
on the BOK staff’s report" and "opinions of each board member." Other parts---the
general meeting information, the statement, and the BOK staff’s report---were excluded.
In addition, as the base rate decision is discussed under the agenda heading "Monetary
Policy Direction," the text from other agenda items is excluded.
1)

2)

Therefore, their approach can be classiﬁed as the second stream which uses external information as described above. They assign the polarity of each token by using news articles or a sentiment dictionary,
while I use actual policy rate decisions and the parametric assumption.
The minutes can be downloaded from the BOK website starting with the January 7, 1999 meeting. However, the data is selected in line with the policy rate data, which is available only after May 1999. Note
that the policy rate was the call rate target instead of the base rate before February 2008.
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Figure 2. MPB Minutes Character Totals, since 1999

The volume of minutes has undergone a trending change over time(Figure. 2). From
1999 to mid-2000, the number of characters was not more than 5,000. From mid-2000
to the end of 2010, the number of characters was steady at around 10,000--15,000. After
that, the number increased steadily, reaching 50,000 characters by 2014. The number is
10 times higher than in the initial period. After that, the number decreased slightly, and
has been maintained at 30,000--40,000. This trend suggests that there may be significant
differences in the amount of information contained in the minutes over time.
Before making the term-document matrix that will be an input to our model, I took
the following data pre-processing step. First, similar words were uniﬁed into one word.
For example, " 인플레이션율 (inflation rate)” was unified with ” 인플레이션 (inflation).” This conversion was applied only to a few words that are important
and frequently used. A detailed list appears in Appendix B.
Next, tokenization and part-of-speech (POS) tagging were performed. The
Hannanum analyzer built in the KoNLPy python package (E. L. Park & Cho,
2014) was used for this work. The parts of speech in the Hannanum analyzer
consist of nine parts. Among those, only the noun (N) and foreign language (F)
parts are used for the analysis3) .
3)

One of the reasons for using the Hannanum analyzer from among the widely used Korean morphological
analyzers is that the Hannanum analyzer does not separate compound words into multiple words according
to spacing. For example, when there is a word " 물가안정목표 (inflation target)” (in Korean, this is
a single word without spacing), which is not in the dictionary, we do not want the analyzer
to break down this word into ”inflation” and ”target.” The Hannanum analyzer identifies
”inflation target” as a single noun if the word is used without a space. This is important
because the minutes contain a lot of economic compound words. Fortunately, the minutes are
highly accurate in terms of word spacing so the tokenizing style of this analyzer serves well for
our data characteristics.
The Hannanum analyzer provides nine POS classifications as the highest level. The noun (N)
in this classification is a much broader class of words than the noun in English. This class
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Finally, some words that are repeated perfunctorily and words that have no
significant meaning were excluded. These excluded words are listed in Appendix
B. In addition, words containing numbers or special characters were also excluded.
With the pre-processed words, two successive pairs of words are extracted as
bigrams. These bigrams are chosen to be a unit of tokens, instead of unigrams.
This is because many words representing flow quantities can be used with completely different meanings depending on their direction. For example, a bigram
combining the ”quantity,” such as ”GDP” or ” 인플레이션 (inflation),” with the
”flow,” such as ” 상승 (increase)” or ” 하락 (decrease),” has true meaning as a
phrase, and none of words by themselves can express the whole meaning. These
quantity-flow combinations frequently appear in economic literature such as the
minutes. If these quantity-flow combinations play an important role in expressing the policy stance, then the bigram might be a minimal unit to preserve the
meaning of context.
In addition to the plain bigrams, I extracted additional non-consecutive bigrams with the algorithm described in Appendix C to prevent losing some important quantity-flow combinations. This algorithm is to make a match between the
quantity and the flow, even if they do not appear consecutively in a sentence. In
this paper, I call this algorithm ”Additional Collocation Matching (ACM).” This
non-consecutive problem happens quite common in the Korean language because
in Korean the subject and the predicate are usually located at each extreme of
a sentence.
• (e.g.) 수출은 세계경제 회복 등에 힘입어 개선될 것으로 판단된다. (Exports
are expected to improve on the back of the global economic recovery.)
In the above sentence, the quantity ”수출 (export)” is preferably linked to the
flow ” 개선 (improvement),” but it would not be identified as a bigram because
they are located far apart in the sentence. (In Korean, ”export” is located at the
encompasses POS such as the predicative noun. As a result, it covers most meaningful words
that appear in the minutes. Thus, ignoring POS other than the noun does not lead to significant
loss of meaning, at least at the tokenized level.
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very beginning of the sentence and ”improvement” is located almost at the end
of the sentence.)
The following cases also often occur.
• (e.g.) 국제유가 및 농산물가격의 상승 (oil-price and agricultural-price increase)
In the above parallel structure, ”국제유가 상승 (oil-price increase)” does not
appear as a bigram because ” 국제유가 (oil-price)” is not followed by ” 상승
(increase).” ACM helps to extract collocation words even if they are separated
from each other, as described above. It is only a matter of identifying collocations.
Therefore what the algorithm does is not make new artificial bigrams but rather
more or less rewrites the sentence in consideration of the collocation relationship.
A detailed description of the algorithm is given in Appendix C.
I now combine the basic bigrams with the additional bigrams generated by
ACM, and then derive a term-document matrix by counting the number of occurrences of each bigram. In order to reduce noise, bigrams with a total occurrence
frequency of fewer than 12 times are excluded.4) The total number of terms is
5,158. The final term-document matrix is used as the input for the model to be
introduced in the next section.

III.

Model

The term-document matrix following the previous section is the input for the
model to estimate the policy stance. Since the number of tokens in the matrix
reaches several thousand, it is necessary to reduce the dimension of the data in
order to estimate them feasibly. A multinomial inverse regression (MNIR) is used
for this purpose. Suppose that the counts of occurrences of the j-th token that
occurred in the i-th minutes ci j follow a multinomial distribution as below.
4)

If all bigrams are used without any filtering, there is a concern of overfitting. In addition, for some bigrams
with extremely low frequency, there might be a convergence problem with the MLE estimation. The
cutoff number 12 roughly corresponds to 5% of the total number of minutes we have, so those tokens only
appear at most in 5% of all time periods. This number is somewhat arbitrary. However, between the value
of 8-19, there are within 0.01% of differences in the estimates of the policy stance on average compared
to the baseline estimate.
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ci ∼ MN(mi , qi ),

where qi j =

exp(α j + yi φ j )
d
∑k=1 exp(αk + yi φk )

(1)

ci and qi are conveniently notated as a column vector composed of ci j and qi j .
mi is the total number of counts of all tokens included in the i-th minutes. The
occurrence probability of the j-th token in i-th minutes qi j is influenced by yi ,
the policy stance at the i-th meeting. The effect of the policy stance can differ
by tokens, as reflected in the coeﬀicient φ j . α j is a fixed constant for each token.
The advantage of the inverse regression is that the dimension of the text data
can be greatly reduced by a suﬀicient reduction (SR) projection. The following
result is obtained conditionally on mi (Taddy, 2013).
yi ⊥⊥ ci

| zi ,

where zi = Φci ,

Φ = (φ1 , · · · , φn )

(2)

Therefore, if we want to predict yi from ci , we can use zi instead of ci and avoid
the problem of ci having thousands of dimensions. In the model, zi is a constant so
it is only a one-dimensional predictor. The true value of Φ is unknown. However,
provided that the equation (1) is estimated well, we can substitute the estimated
b i for zi .
value Φc
E[yi ] = β0 + β1 zi + β2 mi

(3)

For the prediction, I put zi and mi instead of ci into the forward regression
equation (3). The conditional expectation of the policy stance E[yi |zi , mi ] can be
obtained from the estimation of the forward regression. This is the estimator of
the policy stance in this paper. I assume that the committee’s base rate adjustment is revealed solely based on the policy stance yi , which is a latent factor on
the policy rate decision. Accordingly, the observed actual base rate adjustment
decision replaces the policy stance both in the inverse regression and in the forward regression. Therefore, a practical definition of the policy stance becomes
the expectation of the policy rate decision conditional on the text of the minutes
from each meeting.
Since the actual base rate adjustment has a unit of %p (e.g., 0%p, +0.25%p,
-0.25%p, +0.50%p …), the estimated policy stance also has the same unit of
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Figure 3. Estimated Policy Stance for the Base Rate Adjustment Decision

%p. This gives us a benefit compared to other sentiment indices that can be
interpreted only on an ordinal scale. A positive value indicates the policy stance
of an increasing policy rate, while a negative value indicates the policy stance of
a decreasing policy rate. The larger the absolute value, the stronger the stance.
One problem with estimating the inverse regression (1) is that there needs
to be an enormous amount of computation to derive the denominator of qi j .
Following Taddy et al. (2015), I replaced the estimation of (1) with the estimation of conditional MLEs from the corresponding Poisson distribution ci j ∼
bi is fixed at its MLE,
Pois(exp(µi + α j + yi φ j )). The idea relies on the fact that if µ
the parameters of both distributions would have identical MLEs. In this paper,
I fixed µbi = log mi as an approximation of the MLE. This makes the individual log-likelihood separable by each token as in equation (4), which makes the
estimation feasible.5)

∑ ∑[mi exp(α j + yi φ j ) − ci j (α j + yi φ j )]
j

IV.

(4)

i

Results

I estimated the policy stance of the base rate decision for 20 years, from May
1999 to May 2018. The estimation results are shown in Figure. 3. In the very
beginning period from 1999 to early 2000, the results do not seem to reflect very
well the increasing stances on the policy rate. It should be noted that the number
5)

The MLEs for each Poisson distribution are estimated using the Statsmodels python package. The settings,
such as initial values, are based on defaults of the package.
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of characters in the minutes was quite small, about 5,000 by the middle of the
year 2000. Aside from this period, the rest of the policy stance trends seem to
reflect well the upward and downward trends of the base rate.
An important question is whether the model is overfitted, i.e., whether the
results are due to the contribution of words that are actually relevant to the policy
stance. To see this, I classify bigrams with their contribution to the policy stance.
Also, I try to evaluate the model estimation by comparing the characteristics
from the out-of-sample prediction with those from the true policy stance that
we know a priori.

1.

Classification of Bigrams
Table. 1 shows the 10 most relevant bigrams, in order of the number of oc-

currences N and the mapping of SR projection φ . The bigrams are screened to
satisfy both criteria—N is 100 or more and the absolute value of φ is higher
than the average. The higher the N or the greater the|φ |, the greater their effect
on the policy stance. The listed bigrams coincide with our a priori knowledge of
which bigrams should contribute to the stance of an increasing policy rate or to
the stance of a decreasing policy rate. For example, bigrams representing higher
inflation contribute to the stance of increasing policy rate. Similarly, bigrams
meaning the expansion of aggregate demand (such as favorable export trends
or increases in facilities investment) or the expansion of financial markets (such
as increases in mortgages or a liquidity expansion) contribute to the stance of
an increasing policy rate. On the contrary, bigrams representing an economic
downturn or lower inflation contribute to the stance of a decreasing policy rate.
Concerns about financial market instability or increases in real asset prices (such
as increases in real estate prices or financial market instability) are also classified
on the side of a decreasing policy rate.

2.

Model Evaluation with Out-of-Sample Prediction
One way to evaluate the model estimation is to compare the out-of-sample

prediction with the true policy stance. If the estimates of φ do not adequately
reflect the contribution of each bigram to the policy stance, then the difference
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between the predicted and the true policy stance would be significant in the
out-of-sample. Conversely, if the out-of-sample prediction is similar to the true
policy stance, we could argue that the model properly estimates each bigram’s
contribution to the policy stance.
The problem is the fact that we do not know the true value of the policy
stance. What we observe is the decision of actual base rate adjustments at each
MPB meeting. However, if the base rate is not adjusted at a meeting, it does
not mean that the policy stance at the meeting was absolutely neutral, so it
is not appropriate to compare the estimated policy stance with the actual base
rate adjustment decision. The strategy I take is to evaluate the out-of-sample
prediction based on the following criteria.
First, whether the model prediction precedes the actual base rate decision is
chosen as a criterion. It is well known that the policy rate decision of central banks
is based on the outlook for the future and is required to be preemptive in light of
the time lag of monetary policy. Hence, the policy rate adjustment is expected
to be at least discussed in the MPB meeting in advance unless there happens to
be a considerable and unexpected shock of information. If so, it is likely that the
policy stance moves ahead of the actual decision. If the model prediction is close
to the true value, the predicted policy stance should often precede the actual
base rate adjustment. Therefore, checking whether the prediction moves in the
same direction before the actual decision can work as an indirect criterion for
the evaluation.
Second, I compare the model prediction with the market expectations from
the Bond Market Survey Index of the base rate (BMSI). The Bond Market
Survey Index is a set of indices compiled by the Korea Financial Investment
Association based on expert surveys. Among them, the index regarding the base
rate is built based on a survey asking each participant’s opinion about the mostlikely outcome of the base rate adjustment that will be determined in the nearest
upcoming MPB meeting. The index is calculated by adding/subtracting the percentage of respondents predicting an increase/decrease from the centered value
of 100. The BMSI can be interpreted as a kind of conditional expectation based
on information outside the MPB, while our estimate can be thought of as a conditional expectation based on information inside the MPB, which is expressed
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in the minutes. In this regard, even if market participants cannot use the information from inside the MPB, the BMSI is expected to have similar features
to the MPB’s policy stance if the market has enough information. Again, if the
model prediction reflects well the true policy stance, we can expect a similar
trend between the prediction and the BMSI.
To check those criteria, I derived out-of-sample predictions for each MPB
meeting. For each out-of-sample target point, approximately six months—the 90day period—surrounding the prediction point are excluded from the in-sample.
Thus, our out-of-sample prediction is a sort of leave-one-out estimator, but differs in that three months of information around the target point are discarded.
Note that the periods between MPB meetings are not necessarily a constant, so
each prediction may exclude a different number of minutes from the in-sample.
This leave-six months-out prediction is to prevent potential inflows of information from adjacent minutes. The model assumes an independent structure of the
minutes, but there is a possibility of correlation between adjacent minutes because the underlying economic conditions are correlated along time. Besides the
baseline criteria, the results with different in-sample periods and different token
units are provided in Section 6, which shows quite robust results.
The out-of-sample results are shown in Figure. 4. For the comparison with the
BMSI, which is available only after December 2005, panel (b) shows the results
only after December 2005. Panel (b) provides a closer look at the two types of
criteria mentioned above—the preceding feature and the consistency with the
BMSI.
Regarding the first criteria, the predictions precede the actual base rate decision in most cases, including the emergency cut during the 2008 global financial
crisis and the cut in July 2012, which were made relatively unexpectedly. The
trend of the policy stance can be divided into several sub-periods using the
BMSI for more details. The shaded areas in panel (b) are based on the signs
of the BMSI; each area is identified as if the BMSI shows sequentially the same
sign. Among the areas, a total of eight areas contain base rate adjustment events.
These eight areas are taken as the sub-periods. (The period from December 2005
to August 2006 was not counted because the starting point of that period is unknown.) In all eight sub-periods, every prediction precedes the actual decision.
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Figure 4. Results of the Out-of-Sample Prediction
(a) Full period

(b) Sub period (2005.12--)

Note: For each point of out-of-sample predictions, data excluding 90 days before and after the prediction point was used as the in-sample. Panel(a) shows the results for the entire period, and panel(b)
shows only the results for the period after December 2005. The solid line shows the actual decision of the base rate adjustment, and the solid line with the marker represents the BMSI, rescaled
by [-0.25%p, 0.25%p]. The dot points are the out-of-sample predictions. The dotted line is the kernel-smoothed values of the out-of-sample predictions with the tricube kernel having a bandwidth of
180 days. The shaded area in panel(b) indicates the direction of market expectations that appears in
the BMSI. No area is drawn if the BMSI infers the exact neutral expectation. The upper shaded area
means that the market was expecting a positive policy stance at that time, and vice versa.

The prediction moved two months before the cut in 2008, and one month before
the cut in 2012. The average preceding duration, defined as the length of time
that the predictions continuously showed the same sign preceding the first base
rate adjustment in each sub-period, is about 174 days.
This preceding feature can be observed similarly with the BMSI. The BMSI
precedes the actual decisions six times among the eight sub-periods. The BMSI
failed to predict cuts in the 2008 global financial crisis and a hike in 2007, but
predicted a cut in July 2012 by one month earlier. The average preceding duration
of the BMSI was about 83 days.
Model predictions even precede the BMSI by zero to several months in all
the sub-periods, except for the one period starting in July 2010. This seems
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quite natural in several ways. First, the central bank may have at least the
same or possibly more information than the private sector because the central
bank itself is the one that decides the policy rate, and it also gives much effort
to collecting information, including non-public information such as preliminary
statistics. In addition, since there is a time lag in the release of the minutes after
the MPB meeting, there is somewhat a delay in information sharing between the
central bank and the market. In this regard, the feature that the model prediction
precedes the BMSI seems to be plausible, which can be expected from the true
policy rate.
There are a total of 129 cases in which the BMSI is not completely neutral.
Among them, the model prediction returns the same sign as the BMSI in 112
cases, at a high rate of 86.8%. Therefore, the out-of-sample prediction shows high
agreement with the BMSI, not only in the preceding feature, but also in terms
of their sign.
Looking at the prediction as a whole, several unusual points are notable.
For example, during the long trend of negative policy stances that lasted for
four years from July 2012 to June 2016, the model predicted the positive policy
stances in only six cases. Among these outliers, three cases exactly coincided
with the three out of four cases where the market also expected a positive policy
stance, which is shown in the BMSI. In other words, at times when the model
predicted exceptions opposite to the long trend, the BMSI tells us that there
actually had been an expectation of those exceptions in the market. This coincidence would hardly be expected if the out-of-sample prediction were not quite
consistent with the actual policy stance.
In sum, the out-of-sample prediction of the model captures well the preceding
feature of the policy stance moving ahead of the actual base rate decision. This
feature is also consistent with the BMSI, which corresponds to private expectations. Also, the direction of the predicted policy stance is almost the same as
the BMSI. Moreover, some irregular movements in the BMSI are similarly characterized in the model prediction. Like this, the out-of-sample prediction well
represents the shape of the true policy stance we know a priori. These results
support the claim that the model predicts the true policy stance quite persuasively.

Policy Stance from the Central Bank Minutes

V.

16

Comparison of Unigram, Bigram, and Bigram with Additional Collocation Matching
In this study, the bigram is chosen as the unit of text data. This is mainly

because of the hypothesis that the bigram can preserve important information
about quantity-flow combinations playing important roles in economic documents. In addition, both the plain consecutive bigram and the non-consecutive
bigram generated through ACM are jointly used as data.6) The use of ACM is to
improve the quality of bigrams in the structure of the Korean language, in which
the subject and the predicate are usually located far from each other within a
sentence.
In this section, I compare the baseline results using ACM with the results
of unigrams or plain bigrams to see whether the bigram adds more information
than the unigram and whether ACM helps to improve the estimation compared
to the plain bigram. First, the out-of-sample predictions described in the previous
section are re-estimated by changing the data into alternative cases. The results
are compared based on the criteria of the preceding feature and consistency with
the BMSI. I also compare cases where the length of the in-sample exclusion
period is changed to 120 days and 360 days from the baseline 180 days. These
results are shown in Table. 2.
Basically, all three sets of data seem to be not bad at estimating the overall
trend of the policy stance. However, based on the two types of criteria, we can
see that the bigram using ACM is somewhat superior to the plain bigram, and
that the plain bigram is superior to the unigram. In the comparison between the
unigram and the bigram, it is diﬀicult to say which is better in the preceding
feature, but the bigram is certainly good in terms of its consistency with the
BMSI. Comparing the plain bigram and ACM, ACM is at least equal to or
better in both criteria.
In order to better understand what caused the differences among them, Table.
3 summarizes the top 10 words that give the most contribution to the estimated
6)

About 49,500 bigrams are generated from ACM. This corresponds to about 9.7% of plain bigrams.

17

BOK Working Paper No. 2021-15

policy stance. Those words are ordered with the measure calculated as the coefficient φ multiplied by the number of occurrences N.
The table shows the characteristics of differences among the three types of Ngrams. First, it can be seen that words with positive or negative meanings, such as
”부진 (sluggish),” ”악화 (worsen),” ”호조 (favorable),” or ” 위축 (contraction),”
are important for unigrams. On the other hand, in the case of the bigrams, the
reliance on words with positive or negative meanings is lowered, and instead, the
phrases describing the dynamic economic phenomenons emerge to be important.
When using ACM, the ranking of bigrams such as ” 기대인플레이션 (inflation
expectation),” ” 설비투자 (facilities investment),” ” 국제유가 (global oil price),”
” 소비자물가 (consumer price),” and ” 수출 (export)” has risen compared to the
plain bigrams. These words are high-frequency words that can often be seen in
the minutes in every period. These non-time-specific words seem to have more
of a chance of being a new bigram when using ACM. On the other hand, the
contribution of bigrams limited to a certain period in time, such as ” 콜금리
(call rate),” ” 미국 서브프라임 (U.S. subprime),” or ” 글로벌 금융위기 (global
financial crisis),” has gone down. Also, they all are compound nouns, therefore
they are mostly used consecutively in the sentence, which can be produced as a
plain bigram. This result can be interpreted as showing that without ACM some
important but often non-consecutively used bigrams are under-produced, so the
model learns more from consecutive bigrams, such as compound nouns, which
can be used during specific times. As a result, ACM helps to improve the quality
of estimation by correcting the bias in the observed frequency of bigrams.

VI.

Correlations with the Future Inflation and Output

Below this section, the estimated policy stance is investigated as an indicator
that summarizes information about the economic situation that is relevant to
the policy rate decision. As mentioned in the introduction, the policy stance
is located in the middle of the decision-making process between the economic
inputs and the policy rate decision. Therefore it can function as a summary
information about those inputs. This section looks briefly at the relationship
between the policy stance and some macro indicators.
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Figure 5. Cross-Correlation Coefficients of the Policy Stance
(a) Correlation coefficients between the policy

(b) Correlation coefficients between the policy

stance and the lags of IP growth rate

stance and the lags of the inflation rate

Note: Panel(a) and panel(b) show the cross-correlation coefficients between the estimated policy
stance and the IP growth rate/CPI inflation rate, respectively, with the lags from -15 months to +15
months. The correlations have the peak on lag 0 with the IP growth rate, and the peak on lag +8 with
the inflation rate.

Among many factors concerning the policy rate decision, the inflation gap
and the output gap are often mentioned as critical ones. Since the policy rate
decision relies heavily on the future outlook, the forecasts for the future inflation
gap and output gap play a key role in the decision. Although the policy stance
is estimated from the minutes without using any economic indicators, if the true
policy stance is generated based on these factors, then the estimated one may
also contain information on these factors.
Figure. 5 shows the cross-correlation coeﬀicients between the estimated policy
stance and the lags of inflation rate and the industrial production (IP) growth
rate. The inflation rate and the IP growth rate are the year-over-year rate of
monthly CPI and IP index, respectively. The data period is from January 2000
to May 2018, in line with the period that IP data are available. The monthly
policy stance is measured as the sum of policy stances from all MPB meetings
held in that month, and if no MPB meeting was held in that month, the value
is extended from the value at the previous MPB meeting.
The estimated policy stance shows the highest correlation with the inflation
rate at a lag of eight months. This shows the possibility that, based on the peak,
the policy stance reflects inflation forecasts more than eight months later. There
is no correlation between the same month’s inflation rate and the policy stance.

19

BOK Working Paper No. 2021-15

The highest correlation with the IP growth rate is at lag zero, and it remains
almost the same value until about two months later. Given the fact that the IP
statistic of lag zero cannot be used at the MPB meeting because the IP statistic
is released with a lag of one month, the lag zero also reflects at least a short-term
forecast of the IP. These results show the possibility that the estimated policy
stances may contain information about the inflation and output, and possibly
about the outlook for those factors.

VII.

Policy Stance as Summary Information

In this section, the estimated policy stance is entered into a simple VAR
model as an information variable, to mitigate the omitted variable problem that
may arise in the VAR model. One of the main shortcomings of a VAR model
comes from its limited number of variables. The spirit of a VAR encourages the
inclusion of all the relevant lags of all variables as the independent variable, so
it severely suffers from the ”curse of dimensionality.” Therefore, usually a VAR
model is forced to use a small number of variables, and only a small amount of
information may be included in the model.
This information problem is pointed out as a cause of the famous ”price
puzzle.” If the main reason for the puzzle is the fact that the model does not
include the central bank’s outlook for future inflation, as Sims (1992) stated, then
including this key information in the model can be a solution for the problem.
In this spirit, including commodity prices in the model is an often-used way to
solve the puzzle.
In this regard, including the policy stance can be a natural and the cheapest
way of adopting key information into the model. Once again, the policy stance
is conceptually a summary of economic conditions in the manner of the policy
rate decision. Moreover, it is only a single dimensional variable, so it has great
benefit in terms of the cost. If the policy stance brings important information,
such as the central bank’s inflation outlook, into the model, it can help to correct
the omitted variable problem, to better identify the policy rate shock.
As discussed in the introduction, the use of the policy stance is similar to
the FAVAR approach by Bernanke et al. (2005), in that they both add summary
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information of the factors into the model. The difference is that the FAVAR approach extracts information downstream from many economic indicators, while
the policy stance is extracted upstream from the minutes (see Figure 1).
First,a three-variable VAR model with a ”consumer price index (P),” ”industrial production (IP),” and the ”policy rate (i)” is constructed as a base model.
The data period is from January 2000, when IP data is available, to May 2018,
monthly. In addition to the base model, a four-variable model with the addition
of ”commodity price (CP),” and the FAVAR are constructed for comparison. As
an indicator for commodity price, I used the import price index for food and
energy measured in domestic currency. Finally, a four-variable model including
the policy stance is constructed. The restrictions for the identification of VAR
models are assigned recursively in the order of (P), (IP), and (i). In four-variable
models, commodity price is located in front of (P) and the policy stance is in
front of (i). In the FAVAR model, factors are placed before the three main variables. (P), (IP), and (CP) are calculated as yearly log differences multiplied by
100, and (i) is the sum of policy rate adjustments at the MPB meetings held in
the month, so it has the same unit as the policy stance. The models have eight
lags, considering the forward-looking behavior as we have seen in the previous
section. The details of the FAVAR model are summarized in Appendix D.
The impulse responses are shown in Figure. 6. The responses are from each
unit shock. A typical price puzzle can be observed in the base model result, a
positive response of the price to the positive policy rate shock. It happens also
in the response of IP, which shows positive responses for a certain period after
the positive policy rate shock.
This pattern does not change much when (CP) is added to the model. Also
in the FAVAR, the price puzzle is not improved even if the number of factors
is increased up to 10 to include more information in the model. These results
never mean that these comparing models cannot properly identify the policy
rate shock in any way, but at least it can be seen that finding variables with
proper information is not a simple job.7) It may not be easy to find indicators
7)

Among examples of VAR that focus on the Korean economy, Lee (2014) constructed a FAVAR and
did not observe the price puzzle. However, the difference should be noticed that Lee (2014) used price
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Figure 6. Impulse Responses

Note: There are impulse responses from five different models---the base model (three-variable VAR),
the base model plus "commodity price (CP)", FAVAR with three factors, FAVAR with 10 factors,
and the base model plus "policy stance." The base model has three variables---"consumer price (P),"
"industrial production (IP)," and "policy rate (i)." Detailed descriptions are in Section 7. The results
of each model are depicted separately in Figure. 7 to 10 at the end of the paper.

that suﬀiciently encompass various factors, such as future inflation. In addition,
some factors from the external economy or government policies can barely be
measured with public statistics.
On the other hand, the four-variable model with the policy stance provides
quite different results, showing the negative response of the price after the positive policy rate shock. The response of IP to the policy rate shock has also been
improved, to be consistent with the priori expected shape rather than the base
model. The result suggests that the policy stance can be used to better identify
the policy rate shock by adopting key information. It is worth mentioning that
the introduction of the policy stance affects only the identification of the policy
rate shock, and the relationship between the other variables remains almost the
same as in the base model.
indicators as a level, not a differenced one. A FAVAR constructed by Chung (2016) also does not observe
the price puzzle, and it notably focused on the open economy set-up by including foreign factors. Chung
(2016) reports that a VAR without latent factors faces a typical price puzzle.
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Conclusion

In this study, I estimate the policy stance for the base rate decision by connecting the text of the MPB minutes and the actual base rate decision, both of
which are the two different observations closely related to the true policy stance.
I believe that using both observations has the benefit of accuracy and objectivity, compared to methods that use the text of the minutes alone or that rely on
external text information.
Because we do not know the true value of the policy stance, I evaluate the
model out-of-sample prediction with somewhat heuristic criteria based on a priori
knowledge of the true policy stance and of market expectations. Based on these
criteria, the model predicts quite well the features that are expected from the
true policy stance. The out-of-sample prediction precedes the actual base rate
decision by a few months even in the cases of relatively unexpected decisions. It
also shows high consistency with market expectations.
I also evaluate the ACM algorithm proposed in this study to improve the
quality of text data based on the structure of the Korean language. As a result,
ACM contributes to improving the model prediction by correcting the relative
contribution of under-produced collocations. ACM works just locally within a
sentence. Hence, ACM has less risk of widely manipulating the text, so it may be
usefully applied in other applications to improve the quality of the text without
worrying about severe side effects.
The policy stance as estimated in this study can be useful information for
both market participants and the central bank. The signal on the policy stance
from the central bank plays a key role in shaping market expectations of the
future policy path. Also, as the central bank itself faces uncertainty concerning its
signal, which comes from the uncertainty of economic fundamentals, the decisionmaking process, and the incompleteness of the communication strategy, it is
necessary for the central bank to know how much signal is transmitted to the
market, and it needs to feedback from it. The estimator of the policy stance can
give a specific measure to the signal in the dimension of the policy rate decision.
Not only measuring the signal, but also quantifying its effects on the market
is another important question regarding the central bank’s communication strat-
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egy. Many studies have tried to evaluate the effectiveness of a central bank’s communication (e.g., Gurkaynak, Sack, & Swanson, 2004; Reeves & Sawicki, 2007).
Doubtlessly, gauging the information contained in the communication instrument, such as the minutes, gives solid ground for these tasks. The text analysis
techniques as applied in this paper can sometimes provide useful information
more quickly and objectively.
The application given in this paper with the VAR model is based on the
conjecture that the estimated policy stance can work as summary information of
the policy rate decision factors, such as future inflation and output. The results
confirm that the identification of the policy rate shock can be improved without
losing many degrees of freedom by adding only one variable of the policy stance.
This can be thought of as one example showing that text data work as alternatives to the traditional economic data, possibly even more parsimoniously and
eﬀiciently.
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Table 1. The Most Relevant Bigrams
(A) Bigrams that contribute to the policy stance of an increasing base rate (φ > 0)
10 Highest |φ | words

10 Highest N words
Bigram
기준금리 인상 (the base rate, raise)
소비자물가 상승 (consumer price, in-

N
507

Bigram
기대인플레이션 상승 (inflation expectation, increase)

φ
4.97

298

금리 인상 (interest rate, raise)

4.76

국제유가 상승(global oil price, increase)

283

유동성 증가 (liquidity, rise)

4.69

인상 상승 (raise, increase)

283

그동안 상승 (meantime, increase)

4.36

수출 호조 (export, favorable)

232

오름세 지속 (uptrend, continue)

3.78

주택담보대출 증가 (mortgage, rise)

232

인상 상승 (raise, increase)

3.69

crease)

국제원자재가격 상승 (global commodity

설비투자 증가(facilities investment, rise)

226

경기 상승 (business cycle, increase)

217

기준금리 인상 (the base rate, raise)

3.36

210

설비투자 증가(facilities investment, rise)

3.35

197

증가율 하락 (rate of increase, decrease)

3.18

기대인플레이션 상승 (inflation expectation, increase)
금리 인상 (interest rate, raise)

price, increase)

3.37

(B) Bigramns that contribute to the policy stance of a decreasing base rate (φ < 0)
10 Highest |φ | Words

10 Highest N Words
Bigram

N

Bigram

390

국제유가 하락(global oil price, decrease)

263

금년 하락 (This year, decrease)

232

기준금리 인하 (the base rate, cut)

-2.54

213

현상 지속 (phenomenon, continue)

-2.15

부동산가격 상승 (real estate price, increase)
글로벌 상승 (global, increase)
금융시장 불안 (financial market, instability)
국제금융시장 불안 (international financial market, instability)
엔화 약세 (The Yen, weakening)
경제성장률 하락 (economic growth rate,
decrease)
현상 지속 (phenomenon, continue)

211

하향 조정 (lower, adjustment)

φ

수출 감소(export, decrease)

시장금리 하락 (market interest rate, decrease)

잠재성장률 하락 (potential growth rate,
decrease)

-2.86
-2.54

-2.14

207

엔화 약세 (The Yen, weakening)

-1.95

205

상승률 하락 (increasing rate, decrease)

-1.95

202
159
158

상당기간 지속 (substantial period, continue)
금융시장 불안 (financial market, instability)
소비자물가 하락 (consumer price, decrease)

-1.94
-1.91
-1.85

Note: This table summarizes the top 10 bigrams with a high N or |φ | among the bigrams of which the number of
occurrences (N) is more than 100 and the value of |φ | is above the average of φ with the same sign. If φ is positive,
it contributes to the policy stance of an increasing base rate; if φ is negative, it contributes to the policy stance of a
decreasing base rate. In parentheses are the English words translated from the original Korean provided for readers here.
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Table 2. Performance of Out-of-Sample Prediction from 3 Different Text Units
(a) Observations within 120 days are excluded from in-sample
Criteria
¬ Number of Preceding periods
 Preceding duration(Avg.)
® Number of Preceding periods than BMSI
¯ Sign consistency with BMSI
° Abnormal prediction consistent with BMSI

Unigram

Bigram

Bigram
w/ ACM

6 of 8

7 of 8

8 of 8

167 days

156 days

185 days

5 of 8

6 of 8

7 of 8

104 of 129

111 of 129

114 of 129

(77.5%)

(86.0%)

(88.4%)

2 of 7

2 of 5

3 of 6

Unigram

Bigram

Bigram
w/ ACM

6 of 8

6 of 8

8 of 8

156 days

112 days

174 days

5 of 8

5 of 8

5 of 8

95 of 129

109 of 129

112 of 129

(73.6%)

(84.5%)

(86.8%)

2 of 11

2 of 7

3 of 7

Unigram

Bigram

Bigram
w/ ACM

6 of 8

6 of 8

6 of 8

155 days

158 days

158 days

6 of 8

6 of 8

6 of 8

92 of 129

100 of 129

100 of 129

(71.3%)

(77.5%)

(77.5%)

2 of 11

1 of 7

3 of 12

(b) Observations within 180 days are excluded from in-sample
Criteria
¬ Number of Preceding periods
 Preceding duration(Avg.)
® Number of Preceding periods than BMSI
¯ Sign consistency with BMSI
° Abnormal prediction consistent with BMSI

(c) Observations within 360 days are excluded from in-sample
Criteria
¬ Number of Preceding periods
 Preceding duration(Avg.)
® Number of Preceding periods than BMSI
¯ Sign consistency with BMSI
° Abnormal prediction consistent with BMSI

Note: Tables (a), (b), and (c) show the results of out-of-sample predictions, each of which uses the data excluding 120
days, 180 days and 360 days around the prediction point as in-sample, respectively. Among the two types of criteria,
the first criterion has three categories: ¬ the number of periods that the prediction precedes the actual base rate
decision,  is the average preceding duration, and ® the number of periods that the prediction precedes the BMSI.
The second type of criterion has two categories: ¯ the number of points where both the prediction and the BMSI
show the same direction, and ° the number of abnormal points where both the model and the BMSI exceptionally
predict positive policy stances during the long period of negative policy stance between July 2012 and June 2016.
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Table 3. Ten Most Relevant N-grams from Three Different Text Units
(A) N-grams that contribute to the policy stance of an increasing base rate (φ > 0)
Unigram
상승 (increase)

Bigram

Bigram w/ ACM

기준금리 인상 (the base rate,

기준금리 인상 (the base rate,

raise)

raise)

증가 (rise)

금리 인상 (rate, raise)

인상 상승(raise, increase)

인상 (raise)

콜금리 인상 (call rate, raise)
기대인플레이션 상승 (inflation

지속 (continue)

expectation, increase)

기대 인플 레이션 (inflation expectation)

포인트 인상 (point, raise)

기대인플레이션 상승 (inflation
expectation, increase)
금리 인상(rate, raise)
콜금리 인상(call rate, raise)
설비투자 증가 (facilities invest-

인플레이션(inflation)

유동성 증가 (liquidity, rise)

미국 (US)

증가 지속 (rise, continue)

수준 (level)

콜금리 목표 (call rate, target)

유동성 증가(liquidity, rise)

호조 (favorable)

미국 서브프라 (US subprime)

수출 호조(export, favorable)

설비투자 (facilities investment)

오름세 지속 (rising, continue)

ment, rise
국제유가 상승 (global oil price,
increase)

소 비 자 물 가 상 승 (consumer
price, increase)

(B) N-grams that contribute to the policy stance of a decreasing base rate (φ < 0)
Unigram
하락 (decrease)
기준금리 (the base rate)

Bigram
금융시장 불안 (financial market,
instability)

Bigram w/ ACM
수출 감소(export, fall)

국제금융시장 불안 (international

이 번 기 준 금 리 (This, the Base

financial market, instability)

Rate)
금융시장 불안 (financial market,

부진 (poor)

하향 조정(lower, adjustment)

악화 (worsen)

기준금리 인하 (the base rate, cut)

엔화 약세(the Yen, weakening)

예상 (predict)

가능성 배제(possibility, exclude)

기준금리 인하(the Base Rate, cut)

상당기간 지속(substantial period,

국제유가 하락(global oil price, de-

continue)

crease)

국제유가 하락(global oil price, de-

국제금융시장 불안 (international

crease)

financial market, instability)

엔화 약세(the Yen, weakening)

현상 지속(phenomenon, continue)

약화 (weak)
위축 (sluggish)
부서 (department)
글로벌 (global)
상황 (situation)

글로벌 금융위기 (global, financial
crisis)
CD 금리 (CD, rate)

instability)

수출 부진(export, poor)
상당기간 지속(substantial period,
continue)

Note: This table summarizes the top 10 bigrams with a large value of N (number of occurrences) multiplied by φ ,
from each model with three different kinds of N-grams. If φ is positive, it contributes to the policy stance of an
increasing base rate. If φ is negative, it contributes to the policy stance of a decreasing base rate. The first column
shows the results of the unigram, The second column shows the results of the plain bigram, and the last column shows
the results of the bigram combining plain bigrams with additional bigrams generated from ACM. The English words
in parentheses are translation of the original Korean words.
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Figure 7. Impulse Responses, Base Model - VAR with Three Variables

Note: Results of the VAR model with three variables — "consumer price"(P), "industrial production"
(IP), and "policy rate"(i). Dotted plots are Monte Carlo simulated 95% confidence intervals.

Figure 8. Impulse Responses, VAR with CP

Note: Results of the VAR model with four variables — "commodity price (CP)," "consumer price
(P)," "industrial production (IP)," and "policy rate(i)." Dotted plots are Monte Carlo simulated 95%
confidence intervals.
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Figure 9. Impulse Responses, FAVAR with Three Factors

Note: Results of the FAVAR model with three factors. Impulse responses from factor shocks, or to
the factors, are not shown here. Dotted plots are Monte Carlo simulated 95% confidence intervals.

Figure 10. Impulse Responses, FAVAR with 10 Factors

Note: Results of the FAVAR model with 10 factors. Impulse responses from factor shocks, or to the
factors, are not shown here. Dotted plots are Monte Carlo simulated 95% confidence intervals.
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Figure 11. Impulse Responses, VAR with Policy Stance

Note: Results of VAR model with four variables — "consumer price (P)," "industrial production
(IP)," "policy stance (stance)" and "policy rate(i)." Dotted plots are Monte Carlo simulated 95%
confidence intervals.
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MPB Meeting and the Minutes of the BOK
MPB Meeting
The Monetary Policy Board (MPB) is the policy-making committee of the

BOK. It was established by replacing the former Monetary Operating Board
in April 1998 as part of an amendment to the Bank of Korea Act. The MPB
consists of seven members, including the governor of the BOK, who is the
chairman of the MPB. The board members discuss and decide on the agenda
at the MPB meeting. The decision is made by a majority vote of attending
members, except in some special cases. The decision on the base rate is also
decided by a majority vote.
The MPB meeting is divided into regular meetings and extraordinary meetings in accordance with the BOK’s articles of incorporation. The regular meeting is held twice a month, and an extraordinary meeting can be held at any time
at the chairman’s call, if necessary. The regular meeting is currently scheduled
to be held on the second and fourth Thursday of each month, and until 2016
most of the base rate decisions were made upon at the regular meeting held
on the second Thursday of the month.8) However, starting in 2017, while reducing the number of annual base rate decisions from 12 to eight, the meeting
to decide the base rate is now held irregularly. The schedule for the meetings
is announced in the prior year.
The base rate decision meeting takes place over two days. At the meeting
on the first day, the staff of the BOK report on ”Recent Economic Developments,” ”Foreign Exchange and International Finance,” and ”Financial Market
Trends.” On the second day, the decision on the base rate is made by voting
on the Monetary Policy Decision.

8)

The regular meeting before September 2002 was held on the first and third Thursday of each month. The
policy rate was decided at the meeting on the first Thursday.
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Minutes
The minutes of the MPB meeting are created based on the meeting tran-

script. The transcript is not currently open to the public. The minutes describe
the date, venue, and participant information. The minutes also describe the
title of the agenda, the result of the agenda, the details of the discussion at the
meeting, and a summary of the report made by the BOK staff. Discussions at
the meeting are anonymous, but in the case of members who have a clear disagreement with the decision, the name of the member with a minority opinion
is specified.
In principle, content regarding the monetary and credit policy should be
open to the public, but it may not be if necessary, when judged so by the
chairman.
The release schedule of the minutes has been revised several times. The
minutes are now released on the first Tuesday two weeks after the meeting.
Until April 2005, the minutes were released through the Monthly Bulletin
published two months after the month of the meeting, and posted on the
internet simultaneously. In April 2005, the release date was advanced to the
first Tuesday six weeks after the meeting. The average time difference from the
meeting date to the release date was shortened from 124 days to 47 days on
average. Since September 2012, the release date has shortened even further. As
a result, it takes about 19 days to release the minutes after the meeting date.
The minutes of the base rate decision meeting have a formal structure. The
minutes start with information about the date and place of the meeting, attendant and absent board members, and other participants. After that, detailed
discussions about the agenda follow. The decision on the base rate is discussed
under the agenda item ”Monetary Policy Direction.” Sometimes both the Monetary Policy Direction and other agenda items are discussed at the meeting.
This paper focuses on the Monetary Policy Direction because its main interest
is the base rate decision.
The Monetary Policy Direction starts with a discussion about the BOK
staff’s reports. After this, each member expresses individual opinion on the
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base rate decision. Both constitute important parts in the minutes because
they reveal MPB members’ main concern on the base rate decision and any
notable changes in the overall economic situation. In the minutes, the statement
follows, and a brief summary of the staff reports is attached. The model in this
paper uses text data only from two main parts—the discussion of the BOK
staff’s report and the opinion of each board member.
This structure is identical across all minutes, but before November 2004
there was no part corresponding to the opinion of each board member.
The fact that the structure of the minutes is extremely homogeneous serves
as a benefit in terms of the text analysis. Correct spelling and spacing are also
advantages of the minutes as text data. It is also worth noting that the BOK
has continued to adopt an inflation targeting regime and has used interest rates
as the policy variable since the beginning of the MPB. This means that the
ultimate goal and the policy path of the monetary policy behind the policy
rate decision have been the same across all periods of the minutes used as data.
This can be a help in assuming a stable structure between the policy stance
and the language in the minutes.
The minutes after 1999 can currently be downloaded from the BOK website.
There are 228 minutes for the base rate decision meetings from January 7, 1999,
to May 24, 2018.
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Pre-Precessing

The words in the table below are listed in Korean without a translation into
English. There is no benefit of a translation here because they are only perfunctory words, a part of the POS, or a similar word that cannot be translated
differently from each other.

(A) List of words transformed in the first step of pre-processing
Before

After

Before

After

*/분기

*분기

달러 환율

달러환율

소비자물가 상승률

인플레이션

늘어

증가하

인플레이션율

인플레이션

줄어

감소하

인플레이션 기대심리

기대인플레이션

상승세

상승

한국은행

하락세

한국은행 기준금리

기준금리

증가세

증가

정책금리

기준금리

감소세

감소

높아

상승하여

성장세

성장

낮아

하락하여

개선세

개선

당행

⇒

⇒

하락

(B) List of deleted words
한국은행

일부

위원

위원별

우리

의견

견해

필요

관련부서

다음

경우

가운데

한편

보이

미치

따르

대하

관련

관련하

나타내

전월

전월대비

전년동월대비

답변

판단

통화정책방향

결정시

토의결과

심의결과

기준

첫째

둘째

셋째

넷째

다섯째

여섯째

일곱째

여덟째

아홉째
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Additional Collocation Matching

The process of generating additional N-grams is as follows.
(1) Select the list of the ”Flow.”
(2) Find the set of the ”Quantity,” which is in the collocation relationship
with each Flow (backwardly from the Flow).
(3) Apply the Quantity-Flow relationship to the main data and generate
N-grams (forwardly from the Quantity).
(1) In the study, the following words are selected as the Flow, which describes
the direction of economic indicators or situation.
{ 상승, 하락, 증가, 감소, 확대, 축소, 개선, 악화, 강화, 약화, 강세, 약세,
양호, 부진, 둔화, 지속, 호조 }
(increase, decrease, rise, fall, expand, reduce, improve, worsen, strong,
week, bullish, bearish, good, poor, slowdown, continue, favorable)
(2) The next step is the selection of the Quantities, which are in a collocation relationship with each Flow. In the Korean language, the subject and the
modifier usually appear before the Flow, so the candidate for the Quantity is
limited to the words that are located before the Flow in the same sentence. In
order to use as much data as possible, all parts of the minutes in all periods are
used in this step, except for the general information part (see Appendix A).
Now, the problem of finding the Quantity is a typical problem of finding collocations, only with the constraint that collocation words are located before the
Flow within the sentence. I used a t-test to find collocation words with the assumption of independent occurrences of words. Consider the bigram ”inflation
increase” as an example of a Quantity-Flow collocation. Define the sample as
whole events that any words appear before ”increase” in every sentence. Then
the sample mean xi of the event that ”inflation” occurs before ”increase” in
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the same sentence can be calculated as the average occurrence of ”inflation”
in the sample. The t-statistic is as follows.
xi − µi
ti = q
s2i /N
The null hypothesis is that the ”inflation” is not in a collocation relationship
with the ”increase,” so the mean of the sample event equals to the independent
occurrence probability of ”inflation.” Relying on a large number of text data,
the mean µi is replaced with the ratio of the total number of occurrences of
”inflation” to the total number of whole words, Ni /Nall .9) The variance can be
approximated as P(1 − P) ∼
= P since the probability of the Bernoulli event for
each word is very low. Again, a sample analog to this approximation is used
for the variance s2i .
With the t-statistic described above, each word is identified as a Quantity
for a given Flow if the t-statistic exceeds the value that corresponds to the
0.1% confidence level. Finally, a set of Quantities matches each Flow.
(3) The next step is to apply the Quantity-Flow relationship to the text to
be analyzed. As opposed to in the step (2), for each Quantity in the sentence,
the Flow is searched for in the remainder of the sentence after the Quantity.
It begins with the first word of the sentence as a candidate for the Quantity,
checking whether the second word of the sentence is in a Quantity-Flow relationship with the first word. If they are not, then checking the third word, and
so on. If a matching Flow is found, then those two words are extracted as a new
bigram. The candidate for the Quantity then goes to the next word if there
happens to be a matching, or there is no matching within the sentence. In this
way, every Quantity matches only with the closest Flow in a sentence. This
prevents there being one Quantity match with multiple Flows, but multiple
Quantities can match with a single Flow. The latter case happens quite often,
for example in a parallel structure such as ”global oil prices and agricultural
9)

In the study, Nall is a number little less than 1.13 million.
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prices increase.” Of course, there are opposite cases in which multiple Flows
matches to a single Quantity, but they are rare. Limiting each Quantity match
only to one Flow can prevent much noise, so it is thought to be more beneficial
than allowing exceptional cases.
Another restriction is that a word immediately in front of any Flow cannot
be a candidate for the Quantity. The word right before a Flow is assumed to be
matched with that Flow as the plain consecutive bigram suggests, even thought
they are not in a collocation relationship in our Quantity-Flow dictionary from
step (2).
In this study, the Quantity is a form of the unigram because the unit of
token is the bigram. However, if the Quantity is defined as a bigram, such as
”grain prices,” then it is also possible to generate a trigram, such as ”grain
prices increase.” In this way, the algorithm can be easily expanded to any form
of N-grams.
The key assumptions of the algorithm are that the Quantity and the Flow
appear in the order of front and back in a sentence, and that one Quantity
matches with only one Flow. If these assumptions are satisfied for many truly
meaningful collocations in the text, then the performance of the matching will
be increased.

37

D.

BOK Working Paper No. 2021-15

Details of FAVAR Model

Indicators used in the FAVAR model are listed in the table below. The code refers to the data
transformation: 1 No transformation, 2 First difference, 3 First difference of logarithm, 4 YoY
difference of logarithm. The asterisks "*" mean that the variable is considered to be a "slow-moving" variable. The estimation follows the two-step principal components method of the original
paper by Bernanke, Boivin, and Eliasz (2003). More details can be found in the original paper.
Name
Industrial Production(IP), Total*
IP, Manufacturing, Capital Goods*
IP, Manufacturing, Intermediate Goods*
IP, Manufacturing, Consumer Goods*
IP, Manufacturing, Capital Goods Inventory*
IP, Manufacturing, Intermediate Goods Inventory*
IP, Manufacturing, Consumer Goods Inventory*
IP, Service, Total*
Inventory Turnover Ratio*
Sales Index, Total*
Sales Index, Durable Goods*
Sales Index, Semi-Durable Goods*
Sales Index, NonDurable Goods*
Equipment Investment*
Manufacturing Capacity Utilization Rate*
Machinary Order Received*
Consumer Goods Imports*
Cycle of Coincident Composite Index*
Cycle of Leading Composite Index*
Economically Active Polulation*
Participation Ratio*
Employed Persons*
Unpaid Workers*
Regular Employees*
Temporary Employees*
Daily Employees*
Unemployment Rate*
Consumption of Electric Power(CEP), Total*
CEP, Aggreculture & Fishing*
CEP, Mining*
CEP, Manufacturing*
Crude oil, Import*
Petroleum Products, Import*
Petroleum Products, Domestic Consumption*
Domestic Construction Order Received*
Construction Permit, Area*
Construction Start, Area*
Construction Completed, Value*
Export, value*
Import, value*
Foreign Reserve*

code
4
4
4
4
4
4
4
4
4
4
4
4
4
4
1
4
4
3
3
4
1
4
4
4
4
4
1
4
4
4
4
4
4
4
4
3
3
4
4
4
4

Name
World Commodity Prices, WTI
World Commodity Prices, Dubai
World Commodity Prices, Brent
World Commodity Prices, Soybean
World Commodity Prices, Nikkel
World Commodity Prices, Zinc
World Commodity Prices, Cone
World Commodity Prices, Wheat
World Commodity Prices, Copper
World Commodity Prices, Aluminium
Consumer Price Index(CPI), Total*
CPI, Exc. Aggrecultural Products & Oils*
Production Price Index, Goods*
Production Price Index, Services*
Export Price Index*
Import Price Index, Total*
Import Price Index, Foods & Energy*
Housing Purchase Price Index, Total*
Housing Purchase Price Index, Apartment*
Housing(Chonse) Price Index, Total*
Housing(Chonse) Price Index, Apartment*
Foreign Exchange Rate, Dollars, Average*
Foreign Exchange Rate, Yen, Average*
Foreign Exchange Rate, Euro, Average*
Interest Rate(IR), 1 day uncollateralized Call
IR, 1 year Treasury
IR, 3 year Treasury
IR, 5 year Treasury
IR, 10 year Treasury
IR, 3 year Corporate Bond, OTC AAIR, 3 year Corporate Bond, OTC BBBIR, Saving-Deposits, Newly Extended
IR, Loans, Newly Extended
Stock Market Index, KOSPI, Average
Stock Market Index, KOSDAQ, Average
Money Stock, Monetary Base, Average
Money Stock, M1, Average
Money Stock, M2, Average
Money Stock, Lf, Average
Total Bank Deposits
Total Bank Loans
The base rate Adjustment

code
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
2
2
2
2
2
2
2
2
2
4
4
4
4
4
4
4
4
1
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⟨Abstract in Korean⟩

중앙은행 의사록을 사용한 기준금리 정책기조의
모수적 추정
정동재∗
이 연구에서는 한국은행의 금융통화위원회 회의 의사록으로부터 기준금
리를 조정하고자 하는 컨센서스의 정도에 해당하는 기준금리 정책기조를
추정하였다. 추정에는 1999년부터 2018년 5월까지의 기준금리 결정회의
의사록 자료를 사용하였다. 본 연구에서는 정책기조와 밀접하게 관련된 두
관측치—의사록의 텍스트와 실제 기준금리 결정치—를 연결하는 새로운
모수적인 접근법을 통해 기존 접근법과는 달리 의사록 바깥의 텍스트 정보
에 의존하지 않고 정책기조를 추정하였다. 또한 우리말 텍스트 분석의 질을
향상시키기 위해 우리말 어순에 적합한 연어 매칭 알고리즘을 새롭게 제시
하였다. 한편, 추정한 정책기조를 벡터자기회귀 모형에 투입한 결과 물가
퍼즐이 사라지는 등 통화정책 충격의 식별이 개선되는 것으로 나타났다.
정책기조 추정치는 개념적으로 자연스러운 요약 정보변수이고 자유도의
소진이 적은 경제적인 지표라는 점에서 정책기조의 투입은 통화정책 식별
을 위한 여타 방법에 비해 강점이 있는 접근법으로 판단된다. 이와 같은 결
과는 텍스트 분석 자료가 고전적인 경제지표를 보다 간결하고 효과적으로
대체하는 일례를 제시한다.

핵심 주제어: 기준금리, 정책기조, 한국은행, 금융통화위원회, 의사록, 물가퍼
즐, 텍스트마이닝, 충분차원감소
JEL Classification: C35, E52, E58
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