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Abstract

The aim of this paper is to construct a text-based indicator that refl ects the sentiment 

of the Banco de España economic outlook reports. Our sentiment indicator mimics very 

closely the fi rst release of the GDP growth rate, which is published after the publication 

of the reports, and the Banco de España quarterly forecasts of the GDP growth rate. 

This means that the qualitative narrative contained in the reports contains similar 

information to the one conveyed by the quantitative forecasts. In addition, the narrative 

complements the quantitative projections by discussing information which is not directly 

refl ected in the point forecasts.

Keywords: textual analysis, sentiment analysis, GDP growth rate, forecasting, central 

bank reports.

JEL classifi cation: C53, C55, E37, E66, E58.



Resumen

El objetivo de este trabajo es construir un indicador que mide el sentimiento sobre 

la coyuntura económica que se desprende del texto de los ejemplares del Boletín 

Económico publicados por el Banco de España. Este indicador de sentimiento 

evoluciona de manera muy parecida a la primera estimación del PIB y a las previsiones 

realizadas por el Banco de España. Esto implica que la narrativa cualitativa de los 

informes contiene información parecida a la de las proyecciones cuantitativas. Además, 

la narrativa complementa las previsiones cuantitativas, porque incorpora también 

información adicional, que no se utiliza en sí para estimar las previsiones.

Palabras clave: análisis textual, análisis de sentimiento, tasa de crecimiento del PIB, 

previsiones, informes de los bancos centrales.

Códigos JEL: C53, C55, E37, E66, E58.



BANCO DE ESPAÑA 7 DOCUMENTO DE TRABAJO N.º 2042

1 Introduction

be an extremely powerful tool to know the FOMC’s forecasts in advance. Similarly, Sharpe

et al. (2017) construct a sentiment indicator to measure the tone (optimistic/pessimistic) of

the narratives describing the Fed’s forecasts (Greenbook). The resulting text-based indicator

Central bank forecasts are usually published along with some explanatory text. This text

may contain additional qualitative information that enriches the point forecast, e.g., a dis-

cussion of the uncertainty underlying the point forecast or an assessment of the key factors

driving the forecast. Hence, it is the entire package that conveys the full forecast exercise.

Each quarter since 1999, the Bank of Spain has published an economic outlook of the Spanish

economy. The content of the report has changed over time. Until 2006, the report amounted

to a qualitative description of the state of the economy and a qualitative risk assessment,

i.e., it contained only text. More recently, it also started to provide quantitative projections

for the main macroeconomic variables: once per year from 2007, and in each quarter from

2014 onwards. However, although not published, the Bank keeps a record of the full series

of quantitative projections produced since 1999.

In this paper, we build an index that reflects the sentiment of the Bank of Spain’s

economic outlook reports by means of sentiment analysis. Sentiment analysis in economics

is growing fast, and a number of recent papers have studied the information contained in

other central banks reports by means of similar exercises. Clements and Reade (2016) study

text published in the Bank of England Inflation Reports, which contains numerical forecasts

of inflation and output growth. They find that the text-based sentiment indicator can

improve the output growth numeric forecast. Moreover, changes in text-based sentiment can

predict changes in the short-horizon numeric forecast. Similarly, Jones et al. (2019) focus

on the narratives related to the output growth forecasts published in the Bank of England

quarterly Inflation Reports, convert them into numeric scores, and compare these to real-

time output growth data as well as to the corresponding quantitative projections published

by the bank. They find that the narratives correctly reflect the overall state of the UK

economy. Moreover, the text conveyed clearer signs of the incoming Great Recession than

the quantitative forecasts did.

For the US, Stekler and Symington (2016) convert the minutes of the Federal Open

Market Committee (FOMC) into a numeric indicator that reflects optimism and pessimism

in the FOMC’s outlook for the US economy. That is, they translate the qualitative forecasts

made by the FOMC into a quantitative index. Then, they focus on how the FOMC evaluated

the Great Recession when it was happening. They find that the FOMC had information

that could have allowed its prediction in advance, but did not foresee the possibility that

the recession would materialize. Ericsson (2016) complements the previous paper and shows

that Stekler and Symington’s sentiment index is very close to the GDP growth rate forecasts

released in the Greenbook, the Federal Reserve Board (Fed)’s forecasts publication. Since

the latter are published 5 years after they are presented to the FOMC, whereas the minutes

of the FOMC meetings are published 3 weeks after the meeting itself, the index proves to
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closely mimics the point forecast for unemployment and inflation. In addition, they find that

this index has predictive power for GDP growth and unemployment up to four quarters in

advance.1

Finally, Catalfamo (2018) uses sentiment analysis to assess the ability of the Bank of

France’s staff and of the French media (one French economic newspaper) to nowcast the

state of the US economy correctly at the time of the Great Recession. She focuses on the

Bank of France Annual Reports and speeches, as well as on press articles on the US economy

released in that period. Results suggest that both the French central bank and the media

understood well the state of the US economy during the Great Recession.

To carry out our analysis, we rely on the Bank of Spain’s Quarterly Economic Bulletin

on the Spanish economy, published online since the first quarter of 1999. We follow the

aforementioned literature and create a dictionary of positive and negative terms in Spanish

that are typically used in the economic language to describe the economy, e.g., positive terms

like grow, strong, increase and negative ones like decrease, reduction. We assign weights to

the resulting counts of positive and negative terms. Then, for each report we sum up the

weighted counts of terms in the dictionary and divide the resulting number by the length of

the report. Then, we compare the resulting text-based index with the GDP series (“flash

estimate”) and the GDP growth projections produced each quarter by the Bank of Spain,

which until 2006 were recorded internally and from 2007 started to be published.

We find a significant dynamic relationship between these series: the narrative text-based

indicator follows the Spanish cycle and increases or decreases when the quantitative projec-

tions do. Note, the flash estimate of the GDP series is published after the publication of the

report, so that at the time of writing each report the value of the GDP for the current quarter

is still unknown. By contrast, the GDP projections produced by the Bank in the current

quarter are known. In addition, the comparison shows that the reports are informative not

only at the short-term forecast horizon, but, even more so, at the one-to-two year forecast

horizon. The textual indicator shows the highest correlation with next quarter’s projections.

This is consistent with the hypothesis that the narrative of the reports anticipates a discus-

1Sinclair et al. (2010) studied the Fed’s forecasts released in the Greenbook and concluded that the Fed
knows the state of the economy for the current quarter but cannot predict it one-quarter ahead. Romer
and Romer (2008) studied the set of information based upon which the FOMC sets US monetary policy. In
particular, they compared the FOMC forecasts (forecasts produced by the Board of Governors staff before
each FOMC meeting) with the Fed staff’s forecasts (Greenbook) and conclude that the latter contain more
information than the FOMC forecasts. They claim that the fact that the Board of Governors staff produces
its own forecasts is at the very least inefficient, and that optimal monetary policy should rely on the Fed
staff forecasts.

sion on potential risks that will actually materialize, to some extent, and will be included in

GDP numerical projections of the next quarter. This means that a “sophisticated” reader

could infer GDP growth projections based on the text of the reports, somewhat beyond what

is told in just the numbers, condesing as well the (forward-looking) risks assessment.

The rest of the paper is organized as follows. Section 2 describes the construction of our

text-based index, while in Section 3 we present the data on the quantitative GDP projections
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of the Bank of Spain. In Section 4, we compare our index with the bank’s GDP projections.

Finally, Section 5 sums up our findings and draws some conclusions.

2 Building the index

2All words we consider appear in at least 8% of the documents of the corpus. In addition, on average, the
selected terms appear in more than 50% of the documents, i.e. we focus on terms that are very commonly
used to describe the economic situation. This is in line with - but considerably more demanding than - what
is done in the literature: for instance, Loughran and McDonald (2011) consider terms that appear in more
than 5% of the documents.

3One root can identify several terms simultaneously. For instance, the root crec refers to the noun
crecimiento (growth), the adjective creciente/es (growing), and the verb crecer (to grow).

4Our scoring is asymmetric. We attribute a value of −1.5 to terms describing strong recessions because
these are used very carefully in the reports. For all other categories, the scoring ranges between [−1, 1]. A
similar approach has been used in Catalfamo (2018).

Fourth, in order to control for incorrect signs, we neutralize the terms in our dictionary

around the words unemployment, employment, or deficit. That is, when one of these words

appears in the text, whatever term appears within up to 9 words before or 9 words after is not

considered in our counting. This is to avoid interpreting as positive the tone of words that

are scored with a positive sign when they are actually associated with negative phenomena,

and viceversa (e.g. the term increasing has a positive score in our dictionary, but when in

the text it is associated with unemployment, its meaning is negative.).

Fifth, we sum all weighted occurrences in each text and divide the resulting number by

the total length of the text.

We consider the Quarterly Economic Bulletin on the Spanish economy published online (pdf

format) since the first quarter of 1999. Specifically, we consider the overview section. With

this information we construct a sentiment indicator from Q1 1999.

First, we create a dictionary of positive and negative terms in Spanish. To come up with

this list of words, we read a sample of the reports under analysis and identify the terms that

are most commonly used to describe the macroeconomic situation (considering adjectives,

adverbs, verbs, and nouns).2 We select 47 terms, some of which are roots, i.e., we have

removed word endings.3

Second, we manually score the terms that express positive and negative sentiment with

a value ranging between [−1.5, 1]. This scoring is based our own judgment and takes into

account the nuances of the economic language of the Bank of Spain’s reports. We cluster

the selected words in our dictionary according to whether they are typically used to describe

the following situations: strong growth (value = 1), normal growth (0.75), modest growth

(0.5), slow growth (0.25), slowdown (−0.25), stagnation (−0.5), downturn (−0.75), recession
(−1), strong recession (−1.5).4 Our dictionary of positive and negative words is reported in

Table B.1 in Section B of the Appendix.

Third, we count how many times each word in the dictionary appears in each text and

weight each result with its scoring.
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Note: The dashed red line represents the numeric text-based indicator, in which the terms in the dictio-
nary are weighted by values ranging between [−1.5, 1]. The solid blue line represents the binary text-based
indicator, in which positive terms are weighted by +1 and −1, respectively. Both indicators are rescaled
so that they have the same mean as the quarterly composite forecast for the GDP growth rate at the
one-year horizon (this series is presented in Section 3).

Finally, to ensure that our results are not driven by our scoring values, we construct an

alternative sentiment index in which the words that express a positive sentiment are scored

with +1, while those that are associated with a negative tone are scored with −1. The

resulting indexes are depicted in Figure 1 below. This comparison reveals that they are

practically identical when using the difference between the number of positive terms and the

To evaluate the quality of our text-based sentiment indicators, we use both the observed

GDP growth rate (flash series) as well as the Bank of Spain’s yearly predictions, which

are produced each quarter. The former is published by the Spanish National Institute of

Statistics (INE) approximately 30 days after the end of the quarter, i.e. the first estimate

of the GDP for the current quarter is not known when the report is written and published.

By contrast, the projections have been released to the public in each quarter only starting

number of negative terms (i.e. the second weighting scheme based on +1 and −1).5

3 The data

5There exists other techniques to construct the dictionary, spanning from term frequency to bootstrapping.
Our approach is closer to the former, since we consider words that appear very frequently in the corpus and
assign them a polarity based on their meaning.

Figure 1: Text-based sentiment indicators
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Figure 2: Composite forecast indicators

We use this confidential information for this exercise. In particular, we consider the

quarterly predictions for the yearly GDP growth rate for the current year (nowcast), for the

next year (one-year-ahead forecast), and for 2 years ahead; we combine them so as to obtain

a proxy of a fixed-horizon forecast: a quarterly composite forecast at one-year- and two-

years-ahead horizons (t + 4 and t + 8, respectively). In doing this, we follow the procedure

in Dovern et al. (2012) and approximate fixed horizon forecasts as a weighted average of

fixed event forecasts. In line with this literature, we use the following weighting scheme, for

each quarter: in quarter 1 of the year, to construct the t + 4 composite forecast, we assign

0.75 to the nowcast and 0.25 to the one-year-ahead forecast; in quarter 2, we assign 0.5 to

each prediction; in quarter 3, we assign 0.25 to the nowcast and 0.75 to the forecast; in

quarter 4, we assign 1 to the nowcast and zero to the one-year-ahead forecast. To construct

the t + 8 composite forecast, we apply the same weighting scheme to the two-years-ahead

horizon forecasts. The resulting forecast series are shown in Figure 2. For consistency, we

construct the observed GDP series applying the same weighting scheme,6 so that all series

are comparable.

6We use the yearly flash estimates of the GDP growth rate.

from 2014. From 2007 to 2013, the numeric point forecasts were published only once per

year. Before that they were not published at all. Nevertheless, the Bank keeps records of all

results from the quarterly forecast exercises ever produced.

Note: t+ 4 indicates the quarterly composite forecast at the one-year-ahead horizon. t+ 8 indicates the
quarterly composite forecast at two-years-ahead horizon. The construction of both indicators is explained
in Section 3 of the main text. The y-axis measures the GDP growth rate (in percentage points).
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Figure 3 reports both text-based indicators (solid blue and black line, respectively)

against the first estimate of the GDP growth rate (dashed red line). This evidence sug-

gests that the narrative reflected in the text of the economic bulletins by the Bank of Spain

follows very closely the observed GDP growth rate, which is not known at the time when

the report is written.

4 Empirical analysis

In this section, we compare our sentiment indicators with the quantitative projections that

the Bank of Spain produces on a quarterly basis.

As a first piece of evidence, we compute the correlation between the sentiment indicators

and the t+4 and t+8 composite forecast series. We consider their contemporaneous relation

but also how lagged and future values of each forecast series correlate with the sentiment

indicators. The correlation values are shown in Figures 4 and 5 for the t + 4 and t + 8

composite forecast series, respectively.

In each figure, the solid black line represents the correlation of the forecast series with

itself. The correlation is 1 when the variable is correlated with itself contemporaneously (this

corresponds to the third category on the x-axis). The categories on the x-axis to the right

and left of the contemporaneous one show the correlation of the composite forecast series

with its own lagged and future values, respectively. Similarly, the black dotted line refers to

Figure 3: Text-based indicators vs. observed GDP (flash series)

Note: The graph shows the binary and numeric text-based indicators (solid blue and black line, respec-
tively) against the first estimate of the GDP growth rate (dashed red line). The y-axis measures the
GDP growth rate (in percentage points).
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value of the GDP growth rate by the Spanish National Statistical Office), and in particular,

it depicts the correlation of the flash series with its own contemporaneous terms, lags, and

leads. Finally, the solid blue line represents the correlation of the binary sentiment indicator

with contemporaneous terms, lags, and leads of the composite forecast series (Figures 4 and

5 consider the t + 4 and t + 8 composite forecasts, respectively), while the solid red line

represents the same statistics for the numeric sentiment indicator. The exact values of these

pairwise correlation coefficients are reported in Section A of the Appendix (Tables A.1 and

A.2 for the t+ 4 and t+ 8 composite forecasts, respectively).

In Figure 4, both sentiment indicators correlate the most with the t+4 composite forecast

when they are leading by one quarter: this suggests that the text embeds information that

is related to the next quarter’s forecast for the yearly GDP growth rate (e.g., the 1999q1

report discusses elements that will be used to obtain the quantitative projection, produced

in 1999Q2, for the GDP growth rate for 1999q2–2000q2). Similarly, Figure 5 suggests that

the sentiment indicators are mostly correlated with the contemporaneous t + 8 composite

predictions (e.g., the 1999q1 discusses information that is used to obtain the annual pre-

the flash series of the GDP growth rate (i.e. the first publication of the estimated annual

Figure 4: Correlations between sentiment
indicators and the t+ 4 composite forecast

Figure 5: Correlations between sentiment
indicators and the t+ 8 composite forecast

diction, produced in 1999q1, for the GDP growth rate for 2000q1–2001q1).7 Hence, the

7As a robustness exercise, we compute the correlation between the sentiment indicators and the Bank
of Spain’s quantitative projections by means of simple regressions, which allow us to obtain the significance
of the estimates. The correlations between the sentiment indicators and the quantitative projections are
always significant at the 1% level, and their magnitude confirms the aforementioned discussion. Results are
reported in Section A of the Appendix (see Table A.3 and A.4 for the t + 4 and t + 8 composite forecast,
respectively).

Note: Figure 4 (5) shows the correlation between the sentiment indicators and the numeric t+ 4 (t+ 8)
composite forecast series of the Bank of Spain. The x-axis orders the correlation of each indicator with
different versions of the composite forecast series: its lagged values, its contemporaneous values, and
its future values. The solid blue (red) line represents the correlation of the binary (numeric) sentiment
indicator with the contemporaneous terms, lags, and leads of the forecast series (Figures 4 and 5 consider
the t+4 and t+8 forecast series, respectively). In both Figures, the solid black line represents the corre-
lation of the forecast series with its own contemporaneous terms, lags, and leads, while the dotted black
line depicts the correlation of the flash estimate of the GDP growth rate with its own contemporaneous
terms, lags, and leads.
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reports are informative not only at the short-term forecast horizon but even more so at the

one-to-two-year forecast horizon. In other words, the narrative of the reports also tends to

discuss about possible future risks that will be included in the next projections, although

this evidence is not statistically significant.8 However, in a next exercise we do find strong

evidence that the narrative contains information about the future expected evolution of the

GDP growth rate that is not included in the quantitative forecast. To do that, we regress

the sentiment indicators on the GDP growth rate controlling for the quantitative forecast

and find a significant relation between the tone of the text and the GDP growth rate (see

column 3 and 4 of Table 1).

Overall, this comparison suggests that the qualitative narrative contained in the reports

contains similar information to that conveyed by quantitative forecasts. A “sophisticated”

reader could infer GDP growth projections based on the text of the reports.

As a second exercise, we compare the sentiment indicators with the observed data (both

the flash and the final estimation released by the Spanish National Statistical Office) and

the composite forecast series of the Bank of Spain (see Figure 6 and 7 for t + 4 and t + 8,

Figure 6: Our text-based indicators vs the t+ 4 composite forecasts

Note: The solid red (blue) line represents the binary (numeric) textual indicator. The solid black line
represents the t+ 4 composite forecast series produced by the Bank of Spain. The dashed (dotted) gray
line depicts the flash (final) estimate of the GDP growth rate data released by the Spanish National
Statistical Office.

8For both horizons (i.e. t+4 and t+8), the correlations between the sentiment indicators and the contem-
poraneous projections are not statistically different from the correlations between the sentiment indicators
and the next quarter’s projections.
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respectively). We find a strong dynamic relationship between our text-based indicators

and the composite forecasts. That is, the sentiment indicators follow the Spanish cycle

and increase or decrease when the quantitative projections do. The text is not as good

at reflecting the composite forecasts during downturns. This is in line with the hypothesis

that the Bank staff is very prudent during recessions and uses moderate language. There

are two periods in which it seems that the text of the report shows some marked deviation

from actual cyclical developments. The first is during the international Dot–com crisis of

2000-2001, which hit the US and some of the countries in the Euro Area, but not Spain. The

reports covering this period were very cautious, despite the fact that Spain was not affected

by the crisis, given the overall economic situation. A second example refers to a period from

2015 onwards, in which Spain started recovering from the financial crisis, at a faster pace

Figure 7: Our text-based indicators vs. the t+ 8 composite forecasts

Notes: The solid red (blue) line represents the binary (numeric) textual indicator. The solid black line
represents the t+ 4 composite forecast series produced by the Bank of Spain. The dashed (dotted) gray
line depicts the flash (final) estimate of the GDP growth rate data released by the Spanish National
Statistical Office.

than other European countries. Despite the composite forecasts signaling a period of positive

growth, the Bank’s reports maintained a moderated tone, suggesting that the Bank’s staff

was held back by doubts about the strength of the Spanish recovery, considering the state

of the economy in the rest of the Euro Area.

In a third exercise, we ask whether the sentiment indicators have predictive power. We

estimate a simple AR(1) model for the GDP growth rate adding one sentiment indicator at a

time to the right-hand side of the equation. We measure the GDP growth rate using the flash
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series.9 The coefficients associated with the sentiment indicators are positive and significant

at the 1% level (see column 1 and 2 of Table 1). This confirms that the information contained

in the text of the quarterly reports is useful to nowcast the GDP growth rate. In addition,

in column 3 and 4 of Table 1 we regress the GDP growth rate on a constant, the t + 4

composite projection, and one sentiment at a time. Both sentiment indicators are positive

and significant at the 1% level when controlling for the projection, which suggests that the

narrative embeds additional information which is not contained in the quantitative forecast.

9Results are similar if we use the GDP growth rate revised series.

Table 1: Testing the predictive power of sentiment indicators

GDP growth rate GDP growth rate t+ 4 forecast error

(1) (2) (3) (4) (5) (6)

Num. text indicator 0.185*** 0.198*** 0.065*
(0.058) (0.064) (0.035)

Bin. text indicator 0.230*** 0.234*** 0.081**
(0.054) (0.061) (0.035)

Lagged GDP growth x x
t+ 4 composite forecast x x
Constant x x x x x x

Observations 78 78 79 79 79 79
R-squared 0.952 0.957 0.944 0.947 0.043 0.063

Note: The GDP growth rate is the flash release. The t+4 composite forecast error is the difference
between the flash release of the GDP growth rate and the t+4 composite forecast error. Column 1 and 2
report the results from regressing the GDP growth rate on a constant, its lag and one sentiment indicator
at the time (the numeric and the binary textual indicator, respectively). Column 3 and 4 result from
regressing the GDP growth rate on a constant, the t+4 composite forecast, and one sentiment indicator
at the time. Column 5 and 6 result from regressing the t+4 composite forecast errors to a constant and
one sentiment indicator at the time. ∗ ∗ ∗, ∗∗, ∗ significant at the 1%, 5%, and 10% level.

Finally, we check whether the sentiment indicators explain the t + 4 composite forecast

error, defined as the difference between the observed values (the flash data for the GDP

growth rate) and the predicted ones (the t+4 composite forecast). Results are reported in

column 2 of Table 1. The estimated relationships suggest that the qualitative information

embedded in the quarterly reports is positively associated with the forecast error (significant

at the 5% and 10% levels for the binary and numeric text-based indicators, respectively).

This means that when the text of the report is particularly positive, the forecast error is also

likely to be positive (that is, the observed value is more likely to be higher than the forecast).

On average, the dependent variable in this sample is positive, i.e., the prediction tends to

underestimate the GDP growth rate. The results from the estimation exercise suggest that

this conservative bias is stronger for the quantitative figures of the forecast than for the text

that describes them. In other words, the narrative compensates for the conservative bias of

the quantitative forecast, so that the entire package of the report (narrative plus projections)

convey a more precise picture of the expected GDP growth rate.
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5 Conclusions

In this paper we construct a text-based sentiment indicator that reflects the narratives of the

Bank of Spain’s Quarterly Economic Bulletin on the Spanish economy and compare it with

both the observed GDP growth rate and the quantitative forecasts produced by the Bank

of Spain. In a nutshell, we first calculate the frequency of positive and negative terms in

the text and then define the sentiment index as the difference (with some weights) between

the two frequencies. That is, a text has a positive (negative) sentiment when the frequency

of positive terms is higher (or lower) than that of the negative terms. Then, we compare

the sentiment indicator with the Bank of Spain’s quarterly composite forecasts of the GDP

growth rate at one- and two-year horizons, which is produced at the same time when the

report is written, and the observed GDP growth rate series (first release), which is published

after the publication of the report and hence it is not known at the time of writing.

We find that the narrative reflected in the text of the reports by the Bank of Spain

follows very closely the evolution of the observed GDP growth rate, and hence the Spanish

business cycle. All in all, this evidence suggests that the text of the report is consistent with

the underlying story told by the institution’s GDP growth projections. This means that a

“sophisticated” reader could infer GDP growth projections based on the text of the reports.

In addition, not only the narrative is consistent with the quantitative projections, but it

also complements them by adding new information (e.g. for instance, a discussion related

to the international economic context, when the latter differs from the Spanish economic

conjuncture). Furthermore, while the quantitative bias tends to underestimate the GDP

growth rate especially during upturns, the narrative tends to outweigh this conservative

bias. Thus, the combination of quantitative forecast and narrative providess a more precise

picture of the expected GDP growth rate.
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Appendix

A Further Results

Table A.1: Pairwise correlations between the text-based indicators and the t + 4 composite
forecast

Numeric Binary t+ 4 observed
textual textual composite data
indicator indicator forecast (flash)

Composite forecast lagged by 2 quarters 0.70 0.64 0.87 0.90
Composite forecast lagged by 1 quarter 0.78 0.74 0.96 0.97
Composite forecast contemporaneous 0.84 0.82 1.00 1.00
Composite forecast 1 quarter in advance 0.87 0.86 0.96 0.97
Composite forecast 2 quarters in advance 0.85 0.86 0.87 0.90
Composite forecast 3 quarters in advance 0.79 0.81 0.76 0.80
Composite forecast 4 quarters in advance 0.71 0.74 0.63 0.68

Note: The table shows the pairwise correlations between the sentiment indicators and the t+ 4 composite
forecast series of the Bank of Spain that are plotted in Figure 4 of the main text. For the first three columns,
each row of the table refers to the correlation of each sentiment indicator with different versions of the t+4
composite forecast series: its lagged values, its contemporaneous values, and its future values. The first
(second) column refers to the correlation of the numeric (binary) sentiment indicator with contemporaneous
terms, lags, and leads of the forecast series. The third column represents the correlation of the t + 4
composite forecast series with its own contemporaneous terms, lags and leads. The fourth column depicts
the correlation of the flash series of the GDP growth rate with its own contemporaneous terms, lags and
leads.
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Table A.2: Pairwise correlations between the sentiment indicators and the t + 8 composite
forecast

Numeric Binary t+ 8 Observed
textual textual composite data
indicator indicator forecast (flash)

Composite forecast lagged by 2 quarters 0.79 0.77 0.86 0.90
Composite forecast lagged by 1 quarter 0.85 0.85 0.95 0.97
Composite forecast contemporaneous 0.88 0.89 1.00 1.00
Composite forecast 1 quarter in advance 0.86 0.89 0.95 0.97
Composite forecast 2 in advance 0.82 0.85 0.86 0.90
Composite forecast 3 in advance 0.72 0.76 0.76 0.79
Composite forecast 4 in advance 0.63 0.67 0.64 0.67

Note: The table shows the pairwise correlations between the sentiment indicators and the t+ 8 composite
forecast series of the Bank of Spain that are plotted in Figure 5 of the main text. For the first three columns,
each row of the table refers to the correlation of each sentiment indicator with different versions of the t+8
composite forecast series: its lagged values, its contemporaneous values, and its future values. The first
(second) column refers to the correlation of the numeric (binary) sentiment indicator with contemporaneous
terms, lags, and leads of the forecast series. The third column represents the correlation of the t + 8
composite forecast series with its own contemporaneous terms, lags and leads. The fourth column depicts
the correlation of the flash series of the GDP growth rate with its own contemporaneous terms, lags, and
leads.

Table A.3: Correlations between the sentiment indicators and t+ 4 composite forecast

Numeric textual indicator Binary textual indicator
Coef. Std.Err. Coef. Std.Err.

Forecast lagged 2 Q 0.65 0.06 *** 0.61 0.06 ***
Forecast lagged 1 Q 0.57 0.07 *** 0.51 0.07 ***
Forecast contemporaneous 0.71 0.05 *** 0.68 0.05 ***
Forecast 1 Q in advance 0.73 0.05 *** 0.71 0.05 ***
Forecast 2 Q in advance 0.72 0.05 *** 0.71 0.05 ***
Forecast 3 Q in advance 0.67 0.06 *** 0.67 0.06 ***
Forecast 4 Q in advance 0.61 0.07 *** 0.62 0.06 ***

Note: The table shows the correlations between the sentiment indicators and the t + 4 composite forecast
series of the Bank of Spain. These correlations are obtained by separated regressions, each time regressing
the sentiment indicator on a constant and a specific version of the t + 4 composite forecast series: its
contemporaneous values, its lagged values, or its future values. For each regression we report the estimated
coefficient of the relation between the sentiment indicator and the composite forecast and its standard errors;
∗ ∗ ∗, ∗∗, and ∗ refer to 10%, 5%, and 1% confidence levels, respectively. The first (second) row reports the
correlation between the sentiment indicator and the forecast series lagged by one (two) quarter. The third
column represents the correlation between the sentiment indicator and the contemporaneous terms of the
composite forecast. The forth (fifth, sixth, seventh) row represents the correlation between the sentiment
indicator and the forecast series shifted forward by one (two, three, four) quarter.
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Table A.4: Correlations between the sentiment indicators and t+ 8 composite forecast

Numeric textual indicator Binary textual indicator
Coef. Std.Err. Coef. Std.Err.

Forecast lagged by 2 Q 0.75 0.05 *** 0.74 0.05 ***
Forecast lagged by 1 Q 0.68 0.06 *** 0.66 0.06 ***
Forecast contemporaneous 0.77 0.05 *** 0.78 0.05 ***
Forecast 1 Q in advance 0.77 0.05 *** 0.79 0.05 ***
Forecast 2 Q in advance 0.73 0.06 *** 0.75 0.05 ***
Forecast 3 Q in advance 0.65 0.07 *** 0.68 0.07 ***
Forecast 4 Q in advance 0.57 0.08 *** 0.61 0.08 ***

Note: The table shows the correlations between the sentiment indicators and the t + 4 composite forecast
series of the Bank of Spain. These correlations are obtained by separated regressions, each time regressing
the sentiment indicator on a constant and a specific version of the t + 4 composite forecast series: its
contemporaneous values, its lagged values, or its future values. For each regression we report the estimated
coefficient of the relation between the sentiment indicator and the composite forecast and its standard errors;
∗ ∗ ∗, ∗∗, and ∗ refer to 10%, 5%, and 1% confidence levels, respectively. The first (second) row reports the
correlation between the sentiment indicator and the forecast series lagged by one (two) quarter. The third
column represents the correlation between the sentiment indicator and the contemporaneous terms of the
composite forecast. The fourth (fifth, sixth, seventh) row represents the correlation between the sentiment
indicator and the forecast series shifted forward by one (two, three, four) quarter.
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B Data

Table B.1: Dictionary for sentiment analysis

Positive sentiment Negative sentiment

Word Countsa Valuea Word Counts Value

dinami 372 1 desequilibrio 82 -0,25
elevad 425 1 fragil 8 -0,25
expansi 361 1 menor ritmo 9 -0,25
fortaleza 130 1 debil 225 -0,5
fuerte 127 1 descen 442 -0,5
robust 13 1 deterior 143 -0,5
aceler 609 0,75 estanc 22 -0,5
crec 1615 0,75 impacto negativo 18 -0,5
increment 357 0,75 inestabilidad 53 -0,5
notable 180 0,75 inferior 164 -0,5
ascendente 22 0,5 ralentiz 92 -0,5
considerable 57 0,5 redu 507 -0,5
estable 148 0,5 retroce 156 -0,5
favorable 286 0,5 perdida de impulso 9 -0,5
impulso 97 0,5 perdida de dinamismo 22 -0,5
mejor 417 0,5 caida 145 -0,75
superior 176 0,5 disminu 185 -0,75
moderad 247 0,25 empeoramiento 43 -0,75
modest 78 0,25 turbulencias 18 -0,75
recuper 487 0,25 desfavorable 28 -0,75

decrec 16 -0,75
desaceler 448 -0,75
contraccion 67 -1
destru 29 -1
grav 46 -1
crisis 106 -1,5
recesion 13 -1,5

Notes: Authors’ own elaboration. This table describes the economic dictionary

used for sentiment analysis based on the Quarterly Economic Bulletins published

by the Bank of Spain.
a: Counts refers to the number of times each word appears in the entire corpus

of text.
a: value is the weight attributed to each word, depending on its economic meaning

and its strength.
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