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Abstract

The current study makes a novel attempt to investigate how the presence of dissent at the policy level would
influence forecast accuracy and consumers’ perception in the context of India. Building on the measures
of Implicit dissent proposed by Sil et al. (2023) our work offers an empirical measure of market sentiment
by using the data of the Survey of professional forecasters’ (SPF) growth forecasts during the period April
2017 to April 2022. Further, we use the Consumer Confidence Survey to offer a novel measure of Consumer
perception gap (CPG) that tracks the adjustment process of consumers’ perception about the real economy.
In order to empirically sketch the transmission mechanism we set-up a Structural Equation Model (SEM)
built on three layers namely the policymaker’s level, Forecaster level and consumer’s level respectively.
Our empirical exercise confirms that dissent amongst the policy makers triggers a ‘Domino effect’ of
revisions which first aligns the market sentiments that eventually improves the forecast accuracy. The
results of the study not only underscores the importance of promoting nuanced views amongst the policy
makers but also lays down a transmission channel by showcasing the sensitivity of existing market
sentiments to the decisions of the policy makers in India.
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Introduction:

It is common knowledge that outcomes of central bank meetings drive financial markets and market
participants to closely monitor these decisions to understand the policy and anticipate future decisions.
Reeves and Sawicki (2007)t and Rosa (2013)2 among others show that financial markets react to the
informational content contained in the minutes of these meetings. Many scholars argue that disagreement
amongst policymakers, often captured by the policy stance or concealed in these minutes, transmits negative
signal to the market. Tillman (2021)" show that the dissenting views in the European Central Bank (ECB)
have a weakening response to the long-term interest rates and that the yield response is significantly stronger
under unanimity compared to dissent. Madeira and Madeira (2019)8 show that equity prices fall when voices
are not unanimous in central bank committees, while Ehrmann and Fratzscher (2013)° provide evidence
that dispersed communication of central bankers reduces the ability of the public to predict the future
interest path.

The reasons for disagreement amongst the central bankers could be varied with their own idiosyncrasies
characterized by the country specific factors. Some early attempts to understand this led scholars to test for
career effects and political appointments amongst members casting votes. Havrilesky®Gildea (1991 )osi
shows* that members with experience with government sector tend to prefer an easier monetary policy
stance and that members with academic background would opt for a tighter stance; while Harris et al.
(2011)<8i shows that members with careers in industry favor tighter monetary policy to someone who has
experience in the NGO sector. Another stream of literature stress upon the importance of affiliation, be it
regional or political, in forming the views of the committee members (Meade & Sheets (°)9si, Eichler and ©
(2014)8i among others). While large body of literature often focused solely on the determinants of dissent
or its apparent impact on policy rates, the dearth of literature that attempted to sketch a well-defined
transmission channel to track the impact of dissent across several layers is evident.

As opposed to the studies that focused on the negative externality of disagreement, a large pool of literature
in social psychology (Price et al. (2002); Nemeth et al. (2001) among others) put forth compelling argument
in favour of how dissent augments cognitive abilities of people leading to a deliberative decision-making
process. The channel as argued by Huckfeldt (2007) follows from the argument that when the surrounding
opinion is marked by higher levels of disagreement dyadic discussions between citizens are more
enlightening. In order to substantiate this he argues that one’s perception of different individual is affected
more by individual opinion laced with high level of disagreement as opposed to opinions born out of
unanimity. Hence when the disagreement is widespread, individuals tend to pay far more attention to the
messages that the senders communicate.

As far as the empirical measurement of dissent is concerned, scholars have largely focused on capturing
the ‘explicitly’ articulated form of dissent often leveraging the voting record data that is available ex-post.
((Gandrud and Grafstrom (2015); Horvath et al. (2013); Riboni and Murcia (2014)) Other interesting ways
of capturing dissent follow from Tillmann (2021). Since ECB unlike other central banks, does not publish
the votes for or against a policy proposal. They construct an index of dissent hinge on the response by the
ECB president to journalists’ questions post the press conferences following the meeting.

Building on an earlier work (Sil et al. 2023) that proposed a novel empirical measure of “/mplicit Dissent”,
the current study makes two distinct contributions to the literature. Firstly, it proposes alternative measures
of market sentiments and introduces a measure of consumer perception gap in the context of India.
Secondly, it makes a novel attempt to empirically sketch a transmission mechanism to understand the
impact of dissent across multiple layers namely the policymaker’s level, Forecaster level and consumer’s
level respectively. Our empirical exercise confirms that dissent amongst the policy makers triggers a
‘Domino effect’ of revisions which first aligns the market sentiments that eventually improves the forecast
accuracy. The results of the study not only underscores the importance of promoting nuanced views



amongst the policy makers but also lays down a transmission channel by showcasing the sensitivity of
existing market sentiments to the decisions of the policy makers in India.

Rest of the paper is structured as follows: section 2 would detail the variable construction, section 3 would
describe the empirical framework, section 4 would discuss the results, section 5 would present the
robustness tests followed by the concluding remarks in section 6.

Variable construction:

The current study focuses on the MPC meetings from April 2017 till April 2022. In order to empirically
verify we use the Survey of Professional Forecaster (RBI) and the Consumer Confidence Survey to
ascertain whether dissent by the policy makers leads to better coherence in forecaster's reading of the
macroeconomic situation. Pursuant to this we define the following variables:

1. Dissent at individual level

We use the compound score (CS), which is computed from VADER, capturing the sentiment intensity could
be seen as the sum of positive, negative or neutral scores for each word. This is used to see whether the
given member’s minutes are positive, negative or neutral. Similarly, we look at the vote of these members
with respect to repo rate tightening, loosening and status quo and assign it as positive, negative and neutral
respectively. x1 is defined as the variable capturing the sentiments obtained from the members’ minutes.
Then it follows that,

1. positive sentiment: CS > 0.05, x1 =1

2. neutral sentiment: CS <0.05,x1=0

3. negative sentiment: CS <—0.05, x1 =2

Similarly, x2 captures the stance taken by the member during a particular meeting5
. Then it follows that,

1. x2=0 when member votes for repo rate status quo (Neutral vote)

2. x2=1 when member votes for repo rate tightening (Positive vote)

3. x2=2 when member votes for repo rate loosening (Negative vote)

We assign positive stance to contractionary policy while negative stance to expansionary policy. This is
just the convention we use. For our purpose of deriving the dissent variable it is only necessary that the
same convention is used in labeling the vote and the speech.

We define DI as that captures the concordance of his/her minutes and vote. There is

dissent if voting differs from the sentiment score. Formally,
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For each of the meetings, we then cumulate the values of DI to find out the total number of members
having discordance between their vote and minutes.

2. Dissent across groups

The second measure is constructed for those meetings where there was a clear distinction in the stance taken
by MPC members, named as group C1 and C2. DG captures similar sentiment but disparate stance is
constructed as follows:

DG = 1 if at least one of the members’ minutes, belonging to C1, is equal to at least one of the members’
minutes, belonging to C2

= 0 otherwise
The variables DG and DI have been used in the regression framework as explanatory variables.
1. Sentiment Continuous Gap

SPF publishes mean probabilities attached to possible outcomes of Real GDP growth and CPI. This data
shows the various probability range of growth and inflation forecast. We construct another variable for
capturing disagreement amongst forecasters. The construction could be explained as follows,

4.1 Calculation of the distribution function

As we didn’t have probability distribution functions (pdf) for the random variables capturing growth and
inflation corresponding to the probability ranges, we had to resort to simple approximation technique to
deal with the issue. The empirical strategy used involves.

SPF, for a given round, gives a current year forecast and one year ahead forecast probabilities. Hence for
each probability range we have considered the upper-limit of the corresponding range and multiplied the
associated probabilities (for both the years) to calculate the mean and standard deviation. Further this is
used to construct a confidence interval (Cl) (1 standard deviation) for each year. To get the quarterly values,
this range is then mapped with the quarterly data for both growth and inflation. For example, For Q4 2016,
we would consider the probability range presented in the Feb-2017 MPC meeting as that is the latest report
which contains yearly forecast range for the year 2016-17.

4.2 Sentiment Binary Gap calculation (SBG)

The gap is calculated if the actual value of the inflation/growth falls in the confidence interval constructed
by following the steps mentioned in the above section. Hence the Sentiment Binary Gap (SBG) is
defined as,

SBG for Quarter X, 201Y = 1 if actual value of inflation/growth falls in the CI of Quarter X, 201Y

= 0 otherwise



4.3 Sentiment Continuous Gap calculation (SCG)

SCG is calculated for those quarters where the value of SBG is equal to 0. This is a continuous series and
is measured as the deviation from the nearest bound of the confidence interval corresponding to the specific
guarters. Whenever the actual value of growth/inflation falls outside the confidence interval, this variable
would tell us how far the actual value lies from the constructed range.

3. Consumer Perception Gap (CPG)

Consumer Perception Gap is calculated from the Consumer Confidence Survey as the deviations of the
consumer’s perception of the inflation/growth with the actual value of inflation/growth. The CPG captures
the net - “Increase”, “Decrease” or “Remained Same”. Since the perception on growth/inflation is
calculated based on specific months of the year, this necessitates a need to map it to a quarter.

The perception gap is calculated as follows.

1. Let's denote the 3 months of any quarter by subscripts a, b & c¢. This would mean that the three
months of quarter 2 would be Q2a = July; Q2b = August & Q2c = September.

2. Firstly, We define three broad sub measures- Majority (M) , Consistency (C) and Actuals (A)

3. Majority (M) is defined if in two successive months in the same quarter people hold the same
perception. For instance, in July 80% of people believed that inflation would be increasing in the
coming months and in September too this was the belief that was held by people.

4. Consistency (C) is defined when in the case of (3), if the difference between the perception in the
two successive months is positive then more people are favoring the same opinion, and hence the
consumers show consistency in their preference.

5. Actuals (A) is defined as the actual difference between the two quarters. This measure is
constructed to check how far the consumer perception differs from the actual change in
growth/inflation.

With this above definition of Majority (M), Consistency (C) and Actuals (A), we gauge the perception of
the consumers (Perception Gap (CPG)) by seeing whether they can adjust their preferences over the
quarters. This could take four values depending upon the interplay between M, C and A.

1. If, M and C hold but A doesn't fall in the same line, we term that "Strongly unadjusted perception."
For example, if we see that over the three months of a particular quarter majority of the consumers
are of the opinion that inflation has gone down and consistently hold on to the same opinion for the
entire quarter but we see that in reality the inflation has actually increased as compared to the last
guarters, it invariably means that the perception of the consumers are strongly misaligned with the
reality.

2. If, M and C hold and A too falls in the same line, we term that "Strongly adjusted perception

3. If M holds but C doesn't along with A falling in line with M, we term that "Weakly adjusted
perception.”

This means that majority of the consumers believed that economy improved in the first month of
the corresponding quarter but shifted to a different stance by the end of the quarter; whereas actual
growth figures show improvement then we argue that the consumers couldn’t hold on to their
perception which was adjusted in the beginning; hence the term weakly adjusted perception.



4. If M holds but C doesn't along with A not falling in line with M, we term that "Weakly unadjusted
perception

The caveat to the above calculation comes when there is only a particular month in a given quarter for
which the survey was conducted. In these special cases, we would consider the alternative method.

Consider the case of Quarter 2, if 50% or above people believe the economy improved corresponding to
Q2a i.e. July of Q2, we consider that as the majority perception against that quarter. Then the Consumer
Perception Gap (CPG) would take two values:

1. If the majority perception in the month is in the same line with the Actual (A) then we call the
scenario as “Weakly adjusted perception"

2. If the majority perception in the month is in the different with the Actual (A) then we call the
scenario as “Weakly unadjusted perception"

With this construction of Perception Gap (CPG), we assign discrete values to the Perception Gap (CPG) :
CPG =1; if perception is “Strongly Unadjusted ”’

=2; if perception is “Weakly Unadjusted”

=3; if perception is “Weakly adjusted”

=4; if perception is “Strongly adjusted ”

6. Absolute Gap

To understand the impact of the discord of the MPC communication on professional forecasters’
performance, we have taken the median GVA forecast and median CPI inflation forecast. The bimonthly
forecasts are mapped into quarterly growth and inflation data to obtain quarterly forecast error series which
are then adjusted in accordance with the frequency of the MPC meetings held in each quarter. These forecast
error series capture the absolute gap for both growth and inflation.

1. Ageneral trend

A careful look into the Absolute Gap variable (inflation/growth) , figure 1, shows that the professional
forecasters have been off the mark on many occasions during the time frame of analysis . The case becomes
even stronger if one decomposes the series before and after the pandemic. In particular we see that in the
later cases, the deviations of the forecast from the actual values have been substantially high. Even though
deviations during this period could be attributed to the increase in the prevailing macroeconomic
uncertainty imposed by the pandemic, the overall persistence of erroneous projections may hardly be
overlooked.

Figure 1: Absolute Growth and Inflation Error



Absolute Growth and Inflation error
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Another interesting insight is the presence of internal consistency in both the measures that we have
proposed for the calculation of disagreement amongst the forecaster. There exists a co-movement between
disagreement dispersion and sentiment continuous gap variable (refer figure 2). A careful examination of

the trend below clearly shows that the market sentiment, captured by these two measures, exhibited
relatively less volatility during the period of our analysis.

The pertinent question that readily follows from the above discussion could be whether market sentiments

influence the forecast accuracy. This question, coupled with the presence of dissent amongst the committee
members, forms the bedrock of our following empirical framework.

Forecaster Dissent Dispersion (Growth) V/s Sentiment
Continuous Growth
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Empirical Model

One of the limitations in our earlier study! was the inability to explain transmission mechanism for
explaining the impact of dissent in reducing the forecast errors. To this end, we use the above variables to
model the pathway through which the dissent that occurs at the policymaker affect the growth and inflation
forecast. In this vein, we run a structural equation model to investigate this relationship. The model is built
on three layers- the policymaker’s level, forecaster's level and consumer’s level. An intuitive sketch of the
above model is as follows.

Consumer

. Perception
disagreement -

Forecastor Level

Policymaker Level

disagreement

Absolute Gap

We observe dissent at the forecaster level which is captured by DI and DG. This dissent is in turn used as
a signal for the professional forecaster to make their forecast. We hypothesize that the dissent amongst the
policymakers would lead to a better alignment of the market sentiments captured through the improved
estimation of the forecasters. This alignment is captured by 3 alternate measures as specified in the above
discussion namely Sentiment Continuous and Sentiment Binary Growth/Inflation along with the Median
dispersion of forecast. Finally we try to see how this measure of sentiment alignment affects the consumer
perception of growth and inflation (captured by the Consumer Perception Gap (CPG)) along with the
forecast accuracy of growth and inflation.

The Empirical Framework for SEM

Based on the theoretical model, illustrated in Figure 1, the empirical framework for our work is presented
in the form of following equations.

Sentiment continuous growth= ou+0(DG ) .. Eq(1)
PerceptionGapGrowth= B:+p.(Sentiment continuous growth).. Eq(2)
Abs_error= . +p2(Sentiment continuous growth).. Eq(3)

Each of the equations corresponds to specific layers which piece together the transmission channel through
which dissent leads to alignment of market sentiment. A similar empirical specification follows for inflation
as well:

Sentiment continuous inflation = a.+ax(DI?) .. Eq(4)
PerceptionGapinflation= B.+f.(Sentiment continuous inflation).. Eq(5)
Abs_error= p+p2(Sentiment continuous inflation).. Eq(6)

L http://www.igidr.ac.in/igidr-publication-chorus-cacophony-dissent-policy-communication-indias-monetary-
policy-committee/

2 Following Sil et al. (2023) we consider Individual level dissent as the exogeneous shock in the structural
framework for inflation and group level dissent for growth.



Based on the above empirical specifications, we have run SEM to ascertain the channel through which
dissent influences the forecast-errors of growth and inflation. The key results are presented below.
Results and Discussion

From the first set of equations on growth we observe the following results.

Structural equation model Number of obs = 30
Estimation method = ml
Log likelihood = -197.78987

Coef. Std.Err. 2 P>z [95%Conf.  Interval]
Structural
sentiment_continous_growth <-
lag_jamming -5.660 2.068 -2.740 0.006 -9.713 -1.607
_cons 6.416 1.194 5.370 0.000 4.076 8.756
perception_gap_growth <-
sentiment_continous_growth -0.020 0.023 -0.860 0.390 -0.065 0.025
_cons 2.623 0.173 15.180 0.000 2.284 2.962
Abs_growth_error <-
sentiment_continous_growth 0.077 0.040 1.900 0.057 -0.002 0.156
_cons 1.506 0.302 4.980 0.000 0.913 2.098

As the dissent amongst MPC members goes up, the markets receive the signal and start revising their
estimates. In the context of this paper, the SPF forecasters start revising the probabilities they tend to attach
to each range of growth and inflation forecasts. That reduces the possibility of “opportunistic reading of
data” leading to a tighter confidence interval to arrive at a coherent estimation. Drawing from a large pool
of literature in social psychology (Price, V., Cappella, J. N., &amp; Nir, L. (2002); Nemeth, C. J., Connell,
J. B., Rogers, J. D., &amp; Brown, K. S. (2001) among others) it can be argued how dissent augments
cognitive abilities of people leading to a deliberative decision making process.

As the market sentiment gets aligned RBI forecasters consider that as a point of reference and start revising
their estimates accordingly. This further contributes to narrowing the gap between the forecasted value and
the actuals which leads to a better forecast. Diversity of views at the policy level paves way for a ‘Domino
effect” of revisions that eventually improves the forecast accuracy. As opposed to the literatures that show
how divergence of views negatively impacts the market (Tillman, 2021; Tillmann, P., & Walter, A. (2019))
our results confirm that dissent amongst policy makers not only assists in aligning the market sentiments
but also triggers a domino effect of forecast revisions that ultimately reduces the margin of error in policy
predictions.



Following the aforementioned empirical specification for inflation we run the SEM and get the following
results:

Structural equation model Number of obs = 31
Estimation method = ml
Log likelihood = -168.59454

Cocf. Std.Err.  z P>z [95%Conf.  Interval]
Structural
sentiment_cont_infl <-
Ind_Conf -0.164 0.076 -2.140 0.032 -0.313 -0.014
_cons 1.548 0.366 4.230 0.000 0.830 2.266
perception_gap_inflation <-
sentiment_cont_infl -0.104 0.219 -0.470 0.637 -0.534 0.327
_cons 2.793 0.233 12.000 0.000 2.337 3.249
Abs_Inf error <-
sentiment_cont_infl -0.040 0.246 -0.160 0.870 -0.521 0.441
_cons 1.697 0.260 6.520 0.000 1.187 2.208

LR test of model vs. saturated: chi2(3) =  4.01, Prob > chi2 = 0.2606

The above results lay down a perfect transmission channel through which we can gauge the impact dissent
amongst policymakers upon the forecast accuracy.

Interestingly from the above results we do see that the consumer perception doesn’t seem to react to dissent
occurring at the forecaster level. This result challenges the proposed viewpoint of other scholars (Ehrmann
& Fratzscher, (2013)) who argued in favour of the negative impact of divergent views of policy makers
upon the public perception. In Indian context it can be argued that an average consumer is either not well-
equipped to understand the technicalities presented in reports that document the views/stance of the
forecasters or is simply unaware of the presence of such materials. As a result, they would not be able to
receive the signals embedded in the views of the forecasters; hence the insignificant relationship. We need
to insert another layer to the current framework that would be able to disseminate information to the masses
in an efficient way. For example, variables capturing the effect of Media, news-papers etc. can be used as
a missing link between forecasters’ views and the consumers on the receiving end of the spectrum.

Robustness Checks

As a form of robustness check, we have re-run the SEM considering the other alternate measures of
forecaster level disagreement and the results are not significantly different from the base model.

1. Forecast dispersion

RBTI’s SPF provides the measures of central tendency for the forecasts on growth and inflation namely the
mean, median and mode. To capture the disagreement in forecasts amongst the forecasters, we construct
“Forecast dispersion” variable. This variable would be used as a proxy for capturing market sentiment. The
construction could be perceived at two levels.



3.1 Median Dispersion of Forecast

In literature the 'range’ of the forecasts as given by the forecasters has been considered to capture
disagreement amongst forecasters (Goyal and Parab 2021). Taking this as the base, we attempt to propose
an alternate measure by calculating variance of quarterly forecasts from their respective median forecast.
For instance,

Dispersion for Quarter X= (Maximum Forecast Value for Quarter- Median Forecast Value)? + (Minimum
Forecast Value for Quarter- Median Forecast Value)?

3.2 Rolling Forecast Value

One stylized feature of the SPF is that it not only provides the forecast for the quarter but provides one
quarter lagged and 3 quarter ahead forecasts. Once the aforementioned variances are calculated, we use the
following formulation to compute the final dispersion values corresponding to each quarter.

For instance for computing forecast dispersion for Q3 2016, one would account for Q1 and Q2 forecast of
2016. Along with this inverse weights®, are assigned to each of the quarters. Hence,

Disagreement Dispersion of Quarter 3 2016= (2/3) *Dispersion of Quarter 2 2016 + (1/3)*Dispersion of
Quarter 1 2016

Further these values are calculated for both growth (Real GVA) and inflation (CPI).

Following the specifications of Eq(4) — Eq(6) and substituting the newly constructed measure of forecast
dispersion in the second layer we re-run SEM and get the following results:

Structural equation model Number of obs = 30
Estimation method = ml
Log likelihood = -275.54226

OIM

Coef. Std.Err. =z P>z [95%Conf.  Interval
Structural
ForecasterDissentDispersionG <-
lag_jamming -67.832 29.080 -2.330 0.020  -124.827 -10.837
_cons 069.014 16.789 4.110 0.000 36.108 101.920
perception_gap_growth <-
ForecasterDissentDispersionG -0.001 0.002 -0.800 0.426 -0.005 0.002
_cons 2.596 0.159 16.370 0.000 2.285 2.907
Abs_growth_error <-
ForecasterDissentDispersionG 0.008 0.003 2.720 0.006 0.002 0.013
_cons 1.500 0.263 5.710 0.000 0.986 2.015

As is evident from the above table, the results of our base empirical framework are robust as they are not
sensitive to a change in the definition of market sentiment.

Conclusion

31/3 and 2/3 weights are assigned based on quarter calculation.



Extending our earlier work, we trace out channels through which dissent leads to the coherent signals
translated in the form of better forecast accuracy. We show that disagreement amongst policymakers leads
to a “‘domino effect’, which is characterized by constant revisions of the market watchers and professional
forecasters. This bears a positive outcome in terms of better economic forecast.
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Appendix

Variable Source Frequency
Name

1. Dissent at Constructed from Minutes of MPC meeting | Bi-monthly
Indvidual

2. Dissent at Constructed from Minutes of MPC meeting | Bi-monthly
Group

3. Dissent Constructed from Survey of Professional Quarterly
Dispersion Forecasters on Macroeconomic Indicators

(Growth/Inflat | (RBI)

ion)

4. Sentiment Constructed from Survey of Professional Quarterly
Continuous Forecasters on Macroeconomic Indicators

Gap (RBI)

(Growth/Inflat

ion)

5. Sentiment Constructed from Survey of Professional Quarterly
Binary Forecasters on Macroeconomic Indicators

(Growth/Inflat | (RBI)

ion)

6. Perception Constructed from Consumer Confidence Quarterly
Gap Survey (RBI) and Handbook Of Statistics On
(Growth/Inflat | Indian Economy (RBI)

ion)

7. Absolute Constructed from Survey of Professional Quarterly
Gap Forecasters on Macroeconomic Indicators

(Growth/Inflat
ion)

(RBI) and Handbook Of Statistics On Indian
Economy (RBI)




Note on VADER

An intuitive sketch of the VADER methodology goes as follows. At the first step, an exhaustive list of
sentimental lexicons is created (from LIWC, ANEW, Gl). This is supplemented with additional lexical
features used in sentiment analysis in social media text (like emoticons, acronyms etc.). From the lexical
feature “candidates” which are developed, the point estimations of sentiment valence are computed using
wisdom of the crowd approach (human validated). At the next step, using data driven iterative inductive
coding analysis, generalizable heuristic patterns are identified which are helpful in assessing the sentiment
in text. After accounting for the impact of grammatical and syntactical rules, the sentiment intensity is
computed.

VADER despite being used in the social media domain Shapiro, Sudhof and Wilson (2020)* demonstrates
that it has performed at par with commonly used financial lexicons like HL+LM (the corpus of text used in
this lexicon is specific to the domain of economics and finance). Also, it has been deployed in analyzing
central bank communication as seen in the works of Picault, Pinter and Renault (2022)°, Moller and
Reichmann (2021)%. For instance, a corpus that takes a fraction of a second to analyze with VADER can
take hours when using complex models like SVM. Also the lexicon and rules used by VADER are
accessible unlike other sentiment analysing techniques which are hidden within a machine-access only
black box. Hutto and Gilbert (2014)" show that VADER has been compared with seven other well-
established sentiment analysis lexicon dictionaries: Linguistic Inquiry Word Count (LIWC), General
Inquirer (GI), Affective Norms for English Words (ANEW), SentiWordNet (SWN), SenticNet (SCN),
Word-Sense Disambiguation (WSD) using WordNet, and the Hu-Liu04 opinion lexicon. Also the
correlation coefficients of VADER (r=0.881) performs as good as the individual human rators (r=0.881) at
matching ground truth, especially in analysis of the sentiment intensity of Twitter tweets. Likewise,
VADER retains and at many instances improve on the traditional sentiment lexicons like LIWC (Linguistic
Inquiry and Word Count). Although VADER accounts for the subjectivity in the word context and
compositionality, it is still a heuristic rule-based scoring system. Natural language or communication tends
to be more creative and nuanced; hence these NLP tools can only to an extent capture sentiments.

4 Shapiro, A. H., Sudhof, M., & Wilson, D. J. (2022). Measuring news sentiment. Journal of econometrics, 228(2),
221-243.

5 Picault, M., Pinter, J., & Renault, T. (2022). Media sentiment on monetary policy: Determinants and relevance for
inflation expectations. Journal of International Money and Finance, 124, 102626

6 Méller, R., & Reichmann, D. (2021). ECB language and stock returns—A textual analysis of ECB press conferences.
The Quarterly Review of Economics and Finance, 80, 590-604.

7 Hutto, C. and Gilbert, E. (2014). Vader: A parsimonious rule-based model for sentiment analysis of social media
text. In Proceedings of the international AAAI conference on web and social media, volume 8, pages 216-225.



Table 2: Inflation Related Dissent Variables

Meetin | Absolute Forecaster Dissent | Consumer sentiment | sentimen

g Inflation Dispersion(Inflatio | perception _binary_i |t _cont_in
number | Error n) inflation gap nfl fl

Meeting 0.0697043
1 2017 1.5657 2.263333333 | strongly adjusted 1 42
Meeting 0.0697043
2 2017 1.7657 2.263333333 | strongly adjusted 1 42
Meeting 0.2227376
3 2017 2.7657 3.256666667 | weakly unadjusted 1 6
Meeting 0.0132471
4 2017 2.6673 1.163333333 | weakly unadjusted 1 22
Meeting 0.0132471
5 2017 2.0673 1.163333333 | weakly unadjusted 1 22
Meeting 0.2677363
6 2017 0.1512 2.456666667 | weakly unadjusted 1 89
Meeting 1.9910834
1 2018 1.4311 0.686666667 | strongly unadjusted 1 79
Meeting 1.9910834
2 2018 1.1311 0.686666667 | strongly unadjusted 1 79
Meeting 1.2399490
3 2018 2.7924 0.7 | weakly adjusted 1 38
Meeting 0.4235043
4 2018 1.7235 3.113333333 | weakly adjusted 1 71
Meeting 0.4235043
5 2018 1.1235 3.113333333 | weakly adjusted 1 71
Meeting 1.4538936
6 2018 1.4565 1.843333333 | weakly adjusted 1 55
Meeting 1.3134578
1 2019 1.4948 0.686666667 | strongly adjusted 1 7
Meeting 1.3134578
2 2019 2.1948 0.686666667 | strongly adjusted 1 7
Meeting

3 2019 1.6905 0.52 | weakly unadjusted 0 0
Meeting 1.5832511
4 2019 0.5546 1.24 | weakly unadjusted 1 85
Meeting 1.5832511
5 2019 0.5546 1.24 | weakly unadjusted 1 85
Meeting 1.8546432
6 2019 2.0691 5.826666667 | weakly unadjusted 1 22
Meeting 0.9599800
1 2020 3.8349 3.78 | weakly adjusted 1 7
Meeting 0.9599800
2 2020 4.2349 3.78 | weakly adjusted 1 7
Meeting 1.5973674
3 2020 1.8031 7.423333333 | strongly adjusted 1 2




Meetin | Absolute Forecaster Dissent | Consumer sentiment | sentimen

g Inflation Dispersion(Inflatio | perception _binary_i |t cont_in

number | Error n) inflation gap nfl fl

Meeting

4 2020 1.0138 5.8 | weakly adjusted 0 0

Meeting

5 2020 2.4138 5.8 | weakly adjusted 0 0

Meeting 0.9774824

6 2020 0.0776 2.403333333 | strongly adjusted 1 53

Meeting 1.6000889

1 2021 1.6936 0.82 | weakly adjusted 1 03

Meeting 1.6000889

2 2021 1.7936 0.82 | weakly adjusted 1 03

Meeting 0.0931782

3 2021 2.2702 0.883333333 | weakly unadjusted 1 99

Meeting 0.2584576

4 2021 0.4641 0.71 | weakly unadjusted 1 42

Meeting 0.2584576

5 2021 0.9641 0.71 | weakly unadjusted 1 42

Meeting 0.3234340

6 2021 0.9021 1.53 | weakly adjusted 0 94

Meeting 0.4443699

1 2022 0.94 1.87 | weakly adjusted 0 2
Table 3: Growth Related Dissent Variable

Meetin

g Absolute Forecaster Dissent | consumer Sentiment | Sentiment

numbe | Growth Dispersion perception Binary Continous

r Error (Growth) growth Growth Growth

Meeting weakly

1 2017 2.21984 1 | adjusted 0

Meeting weakly

2 2017 2.01984 1 | adjusted 0

Meeting weakly

3 2017 1.91984 1.8 | unadjusted 0

Meeting weakly

4 2017 1.66002 1.72 | unadjusted 0

Meeting weakly

5 2017 0.66002 1.72 | unadjusted 0

Meeting weakly

6 2017 0.253732 2.38 | unadjusted 0.023713533

Meeting strongly

1 2018 0.496645 0.63 | adjusted 0

Meeting strongly

2 2018 0.496645 0.63 | adjusted 0




Meetin

g Absolute Forecaster Dissent | consumer Sentiment | Sentiment
numbe | Growth Dispersion perception Binary Continous

r Error (Growth) growth Growth Growth
Meeting weakly

3 2018 0.08535 1.063333333 | unadjusted 0.271890596
Meeting weakly

4 2018 1.26144 0.87 | adjusted 1.337035629
Meeting weakly

5 2018 1.16144 0.87 | adjusted 1.337035629
Meeting weakly

6 2018 1.61438 1.26 | unadjusted 2.286022721
Meeting strongly

1 2019 1.70602 0.6 | adjusted 2.434237989
Meeting strongly

2 2019 1.50602 0.6 | adjusted 2.434237989
Meeting weakly

3 2019 1.92836 1.123333333 | unadjusted 2.555802509
Meeting weakly

4 2019 2.47678 2.33 | adjusted 1.493672549
Meeting weakly

5 2019 157678 2.33 | adjusted 1.493672549
Meeting weakly

6_2019 2.2306 2.123333333 | adjusted 1.051264915
Meeting weakly

1_2020 1.88311 230.01 | adjusted 22.95906122
Meeting weakly

2 2020 0.98311 230.01 | adjusted 22.95906122
Meeting weakly

3 2020 6.31419 72.35 | unadjusted 10.35142234
Meeting weakly

42020 1.18326 66.05666667 | unadjusted 8.880004592
Meeting weakly

5 2020 3.716737 66.05666667 | unadjusted 8.880004592
Meeting strongly

6_2020 3.78701 29.73666667 | unadjusted 11.70769717
Meeting weakly

1 2021 3.997472 260.22 | unadjusted 7.464752844
Meeting weakly

2 2021 4.897472 260.22 | unadjusted 7.464752844
Meeting weakly

3 2021 1.70005 28.80666667 | adjusted 0.639760632
Meeting weakly

4 2021 0.377413 17.29666667 | unadjusted 3.856136501
Meeting weakly

5 2021 0.677413 17.29666667 | unadjusted 3.856136501
Meeting weakly

6_2021 1.56259 8.706666667 | unadjusted 4.018473313




Meetin

g Absolute Forecaster Dissent | consumer Sentiment | Sentiment
numbe | Growth Dispersion perception Binary Continous

r Error (Growth) growth Growth Growth
Meeting weakly

1 2022 1.48 82.28666667 | unadjusted 6.1362647




