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I. INTRODUCTION

The (still growing) literature on financial crises has documented their frequency, costs, potential
drivers, and even developed different theories to explain why and how financial crises can
unravel. But anticipating financial crises remains a challenging task.

There is a large literature on early warning indicators (EWIs) for crises, described in Chamon and
Crowe (2012). Kaminsky, Lizondo, and Reinhart (1998) proposed an early warning system
focusing on the evolution of several indicators that tend to exhibit an unusual behavior in the
periods preceding a crisis. When an indicator exceeds a certain threshold value, this is
interpreted as a warning “signal” that a crisis may occur within the following 24 months. EWIs
typically emphasize that crises take root in unsustainable macro-financial imbalances, but there is
less understanding about the developments in news sentiment ahead of crises. Yet, these
developments could potentially be informative in anticipating crises.

There have been efforts to develop and improve EWIs relying mostly on conventional economic
data.? The main goal has been to establish thresholds for relevant macro-financial variables,
above which, crisis probabilities start to increase. To complement existing EWIs and crisis
prediction models we develop a set of new “text-based” EWIs that capture sentiment in financial
news. Our approach shares elements from the literature on “text-based” uncertainty measures
but with two main differences. First, we rely on computational linguistics to construct our indices,
and second, our main interest is in using sentiment indicators as EWIs.

Sentiment measurement is not new. Traditional approaches to quantify sentiment have primarily
relied on surveys. More recently, there is increasing interest in extracting information from
different types of text corpuses (e.g., financial news, central banks statements) using machine
learning and computational techniques. In this paper, we apply computational linguistic methods
to build sentiment indicators using a large “text” dataset, in order to capture sentiment in
financial news.

Linguistically-determined words’ clusters capture sentiment. Unlike survey-based sentiment
measures, and different from several “uncertainty” measures recently developed in the literature,
we use “semantic clustering” techniques, as opposed to “lexical” or "bag-of-words" approaches
(which typically rely on predetermined, and sometimes narrow, sets of words). Relying on word
vector representation techniques, semantic clustering enables us to identify the appropriate set
of words (e.g., semantic cluster) that capture a specific sentiment.

2 For example, Aldasoro, |, C Borio and M Drehmann (2018): “Early warning indicators of banking crises: expanding the family”,
BIS Quarterly Review, March, pp 29-45.



We evaluate performance of our sentiment indices as EWIs—an innovation compared to previous
studies, which focus on contemporaneous correlations between sentiment and specific events
(i.e., elections, wars, or geopolitical tensions), business cycles, or asset prices.

The rest of the paper is organized as follows. Section Il describes the database and methodology
used to construct 10 sentiment indices for 20 countries. Section Il presents an assessment of our
sentiment indices as EWIs, and section IV provides robustness checks. Conclusions are presented
in section V.



Il. DATA AND METHODOLOGY

This paper assesses whether changes in sentiment precede banking crises, as defined in
Kaminsky and Reinhart (K&R, 1999). K&R identify several crisis episodes for 20 countries between
1970 and 1998. We focus on those episodes to assess whether sentiment from financial news
spikes, or trends up ahead of crises. Table 1 reproduces Table 2 from K&R and lists all crises
episodes for all countries in their sample.

Table 1. Sample of Crises Episodes
Banking crisis Closest balance-
Financial - of-payment
Country liberalization Beginning Peak crisis
Argentina 1977 March 1980 July 1982 February 1981
May 1985 June 1989 September 1986
December 1994 March 1995 February 1990
Bolivia 1985 October 1987 June 1988 September 1985
Brazil 1975 November 1985 November 1985 November 1986
December 1994 March 1996 October 1991
Chile 1974 September 1981 March 1983 August 1982
Colombia 1980 July 1982 June 1985 March 1983
Denmark Early 1980°s March 1987 TJune 1990 August 1983
Finland 1982 September 1991 June 1992 November 1991
Indonesia 1983 November 1992 November 1992 September 1986
Israel 1985 October 1983 June 1984 October 1983
Malaysia 1978 July 1985 August 1986 July 1975
Mexico 1974 September 1982 June 1984 December 1982
1991 October 1992 March 1996 December 1994
Norway 1980 November 1988 October 1991 May 1986
Peru 1991 March 1983 April 1983 October 1987
Philippines 1980 January 1981 June 1985 October 1983
Spain 1974 November 1978 January 1983 Tuly 1977
Sweden 1980 November 1991 September 1992 November 1992
Thailand 1989 March 1979 March 1979 November 1978
October 1983 June 1985 November 1984
Turkey 1980 January 1991 March 1991 March 1994
Uruguay 1976-1979 March 1971 December 1971 December 1971
March 1981 June 1985 October 1982
Venezuela 1981. 1989 October 1993 August 1994 May 1994
Memorandum item:
Our of sample
Indonesia November 1992 Ongoing August 1997
Malaysia September 1997 Ongoing August 1997
Philippines July 1997 Ongoing Tuly 1997
Thailand May 1996 Ongoing Tuly 1997
Note: Episodes mn which the beginning of a banking erisis is followed by a balance-of-payment crisis within 48 months are
classified as twin erises.
Sources: American Banker, various issues; Gerald Caprio. Jr. and Daniela Klingebiel (1996): New York Times, various issues:
Sundararajan et al. (1991); Wall Street Journal, various issues.




A. Data

The database used in this paper contains over 3 million news articles from the Financial Times
(FT), daily, from 1980 to 2019. All articles are in English and cover most countries in the world.
These news articles cover business, finance, and economics topics, hence an appropriate source
of financial news to construct sentiment indicators. On average, this database provides about
6859 news articles per month, and, on average, about 48 articles per month for each of the 20
countries in our sample. This gives us enough material to build a monthly index for each country.

B. Methodology: Word Vector Representation and Semantic Clustering

We create "word vector representations” to represent words through vectors relying on a Vector
Space Semantics methodology. This is done by mapping specific vocabulary items in high-
dimensional space based on context probabilities (i.e., identifying words that tend to co-occur
with a target word or term, and how often). Box 1 provides an intuitive summary of our
methodology. We follow Mikolov et al. (2013a) and use a vector space model to triangulate the
top “n” most similar terms to a set of seed terms for a semantic concept of interest (e.g. ‘fear’).*
Seed terms are specific words that could be associated with a given sentiment. For example, we

use the word “danger” as one of the seeds to characterize “risk” sentiment.

3 Specifically, we use the word2vec family of vector space models.

4 Our approach to build the word vector representation is similar to Pennington et al. (2014). The main difference is that
instead of using GloVe trained word vectors we use word2vec trained vectors.



Box 1. Word Vector Representations, Semantic Clustering, and Sentiment

Creating “word vector representations” is like constructing a “map” of words. This map is
represented in an n-dimensional space and constructed using each word'’s context. The context of
a word refers to its surrounding word(s), and the position of a word in the map depends on the
probability of a context given that word.

context word context
| us yield - steepens by | most in three years

The exact “coordinates” of a word in the map are “learned” from its context. Machine
learning techniques use the context (2 words preceding, and 2 words following every single word
in the corpus) to assign a unique location to each word in the map. Making predictions on the
probability that other words are contextually close to a given word enables to find specific
coordinates for that word in the space.

Semantic clusters are (linguistically-determined) groups of words associated to a specific
word. Semantic clustering is used in computational linguistics to characterize or identify a given
concept or issue of interest. Semantic clusters are groups of words that typically belong and are
used together. For example, if one is interested in the concept of risk, instead of only focusing on
the word “risk”, one can focus on the semantic cluster associated to the word risk.

Semantic Clustering enables to identify sentiment. We are interested in identifying sentiment
in financial news. Instead of building an index based on the frequency of one specific word
associated to a sentiment (e.g., fear), we use semantic clustering to better characterize a
sentiment. For example, a set of words associated to the “fear” sentiment may be accurately
describing it, without necessarily mention the word “fear”.

unease

concern

disquiet

nervous

crisis

meltdown




10

Typical vector dimensionality used in implementations is between 100 and 300. In our
implementation, the window size used to compute term co-occurrence is 5 and the vector
dimensionality is 200.The dictionary used in the implementation is given by words with a
frequency of at least 50 in the FT corpus. Vector representations of words were computed using
package “genism” in platform Python. The corpus used to train the vectors is given by a selection
of text published in the FT between 1980 and 2018.

Vector space representations have been shown to efficiently summarize the semantic
relationships between words in a corpus; and enable to measure semantic relatedness between
any two given words. Word-vector models can computationally determine “semantic clusters”
containing words that belong together. ®

Semantic similarity is determined by measuring the cosine of angle differentials between two
word-vectors. For example, given the word "risk", closely related words can be identified
computing the distance (operationalized via cosine similarity) between the vector representing
“risk” and the vector representations of all other words within the corpus.

For our purposes, a semantic cluster captures a specific sentiment, semantically related to some
concept (e.g., risk), reflecting how that concept is used within the FT corpus.® For example, the
concept of “fear” and its associated cluster are different in the FT compared to the respective
cluster in a corpus of movie reviews.

C. Abstract Term Clusters for Five Different Sentiments

To identify what types of sentiment could trigger an “early warning signal (EWS)” ahead of crises
we focus on semantically related groups of words/terms rather than individual words. In this way,
our findings relate to semantic concepts (e.g., “risk”) rather than to specific lexical items (e.g.,
recession). Box 2 outlines the steps to construct our indices.

Term clusters that are less specific and more abstract help identify sentiment indicators that are
potentially more robust to time, type of crises, and country differences. We identify five types of

non non non

language to capture the following sentiments: “fear”, “risk”, "hedging”, “opinion”, and “crisis”.

>In some cases, when we detect that the algorithm has non-economic words associated with a seed (or as part of the set of
words associated with a specific seed) we used a “sentiment vector”. This is a vector that represents the concept of “fear”,
"hedging”, etc, and is constructed using only a subset of words corresponding to the appropriate (economic and financial) seed
words.

6 Detailed steps to construct semantic clusters can be find in Appendix 1. For our purposes, we use the terms “semantic
concepts”, “sentiments” and “type of language” interchangeably. Strictly speaking “sentiment” typically refers to positive and
negative polarity.
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Intuitively, one could expect to find these types of language prior to swings in high frequency
indicators like sovereign spreads or exchange rates.

‘Fear’ Sentiment: To construct a “fear” sentiment index we consider terminology and language
associated with the following “seed” terms: “fear”, “concern”, “afraid” and “anxious”. Table 2
below presents the top 15 terms/words most closely semantically related to each seed term in
the “fear” sentiment cluster.

Table 2. Seed and Related Terms for Fear Language

Seed Term Top 15 most closely semantically related terms
fear worry,concern,anxiety,fret,suspicion,fearful, speculation,hope,doubt jitter,warn,anger,
CON_Cerns,concems,nervousness
concern worry,con_cerns,concems,anxiety,fear,con_cern,unease,disquiet,nervousness,concem,
oncern,scepticism,misgiving,suspicion,doubt
afraid ashamed,fearful,glad,sure think aware averse pretend,mindful,oblivious,stupid,proud,suppose,
hate terrify
anxious keen,eager,reluctant,try,want,loath,disincline, desperate hesitant,acutely _sensitive strive,able,

unable,incline,urge

Note: Our database goes back to 1980 when the digital version of the FT did not exist, so old articles are scanned
(or some other electronic copy of the original) versions of the actual (hard copy version) articles. Some words
appear as “partial” words or “broken” words because our algorithm detects words that are not clear in the digital
copy of an original (hard copy version) article but look like the words that are supposed to be found. For example:
con_cerns, or concems are very likely to be the true word “concern”.

‘Risk’ Sentiment: For the semantic class of words dealing with “risk” sentiment, the seed terms

are: "warn”, "risk”, “threat”, “financial&hazard”, “financial&contagious”, “impact”,

1

"nou

“financial&infect”, “terror” and “"danger”.”

‘Hedging’ Sentiment: To capture "hedging” sentiment the semantic class of words examined are
those associated with the concepts of hedging and uncertainty. The seed terms for the hedging

non "o "o nou "non

class are: "may”, “possibly”, “uncertain”, "maybe”, “can”, "perhaps”, “doubt” and "unsure”.

" Tables A1 to A4 in Appendix 1 present the top 15 terms most closely semantically related to each seed term in the "risk”,

nou

"hedging”, “opinion”, and “crisis” clusters.
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‘Opinion’ Sentiment: Intuitively, one could expect “opinion” type of language and articles about
a specific country to appear more frequently in financial news ahead of a crisis. The semantic
class of words examined for the opinion sentiment index were those often used to express an

" ou "o

opinion or belief. The seed terms for this class are: “say”, “feel”, “predict”, “tell”, "believe”, “think”,

non "o "nou

“suggest”, “decide”, "propose”, "advise”, “hint", “clue”, “speak” and “announce”.

‘Crisis’ Sentiment: To capture “crisis” sentiment, the class of specific terminology examined here
was vocabulary used to generally denote or describe crisis events themselves. The seed terms for
this class are: “financial crisis” and “depression”.

D. Negative and Positive Sentiment

We build semantic clusters to capture positive and negative sentiment in the FT. Using as seed
words the lists of words identified in Correa et. al. 2018, we build our own semantic clusters
based on the FT word vector representation.®

E. Aggregated Sentiment Indices

We also consider aggregated indices, combining specific sentiment indices into more
comprehensive indices. A broader set of words may be better at detecting “anomalies” and

"o

triggering EWS at the cost of relatively lower interpretability. We combine the “fear”, “risk”,

"hedging”, “opinion”, and “crisis” sentiment indices into one broader index (labeled: "All
Sentiment (w/o pos. and neg.)"), by using the semantic clusters comprised in those 5 indices.

Similarly, adding the negative sentiment index to those five (“fear”, “risk”, “hedging”, “opinion” and
“crisis™) indices, and labeling it “Negative Sentiment +”, we capture all sentiments considered in this
paper, except the positive sentiment.

Adding the positive sentiment index to the "Negative Sentiment +” and labeling it "All
Sentiment” we obtain the largest set of words encompassing all individual sentiments. This could
potentially increase the likelihood of capturing any type of “anomaly” before financial crises and
triggering an EWS at the right time. The underlying specific indices may help shed light on
possible sentiment drivers of this (more) general index.

8 Detailed tables (A5 and A6) in Appendix 1.
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Box 2. Constructing Sentiment Indices based on Semantic Clustering

There are two main steps to build a sentiment index relying on semantic clustering. First,
build semantic clusters, and second, measure their frequency.

The steps followed to construct semantic clusters are the following: First, we build word
vector representations using a large corpus of news articles (3,114,080 articles) from the FT
between 1980 and 2019. This may be thought of as a semantic map of all the words in the corpus,
to be used to quantify the degree of semantic similarity between any two words. Second, we
select several semantic concepts that we think may be more prevalent than usual in financial news
ahead of crises.

”oou "o I/

“Seed” words that characterize specific sentiment are: “fear”, “risk”, “hedging”, “opinion”,
“crisis”. In addition, following Correa et. al. 2017, we use, as seeds, a predetermined set of
negative and positive words to capture negative and positive sentiment in the FT. Those seeds
enable us to obtain a larger set of relevant and semantically similar words which are specific to
our dataset (Appendix 1).*

We construct country-specific indices by identifying articles associated with a specific
country. If the name of that country appears in either the title, abstract, or first paragraph of an
article, then we define the article to be about that country. For each country, the monthly
frequency of each sentiment is extracted and normalized by the total number of words present in
all articles for that month for that country. The resulting relative frequency for each word cluster is
then treated as a proxy for the prevalence of the sentiment it represents over time. Specifically:

# of specific words;; 1000
ES

Index;; =
naexiy # of words;;

Where " # of specific words;;" refers to the total number of words within a semantic cluster (e.g..,
“fear cluster”), in a given month (i), for a given country (j), and " # of words;;" refers to the total
number of words for a given country (j) within all articles in a given month (i).

*In some cases, when we detected that the algorithm had associated non-economic words to a seed (or as part of the set of
words associated to a specific seed) we used a “sentiment vector”. This is a vector that represents the concept of “fear”,
"hedging”, etc, and is constructed adding the vectors corresponding to the appropriate (economic and financial) seed words.
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IIl. EVALUATING “TEXT-BASED” EWIs

We assess whether our sentiment indices trigger EWS ahead of the financial crises identified in
K&R. For each sentiment index, an EWS is triggered each time there is a spike, defined as follows:
For every point in time (month) we calculate a backward looking average of 24 months and
assess whether the index is above 2 standard deviations from the average.® We find that, for each
country in our sample, at least one of our indicators would have successfully anticipated most
crises in a window of 24 months.™

A. Evaluation Metrics

To assess whether our sentiment indicators can be used as EWI ahead of financial crises, we rely
on three measures that are typically used in pattern recognition, information retrieval, and binary
classification: Precision, recall, and F-score. Precision is the percentage of instances predicted to
be positive that were actually positive. In the context of crises, low precision means that an
algorithm is classifying non-crisis episodes as crises.

TP

p . . —_
recision TP + FP

Where TP means “true positive” and FP means “false positive”. Recall is the percentage of
positive instances that were predicted to be positive. Low recall means there are crises that are
not being detected.

TP

Recall = TP+—FN

Where FN means “false negative”. In statistical terms, absence of type | and type Il errors
corresponds respectively to maximum precision (no false positives) and maximum recall (no false
negatives). Precision could be interpreted as a measure of exactness or quality, whereas recall a
measure of completeness or quantity. There is a tradeoff between recall and precision. The
higher the recall, the more instances will get classified as “crisis”, and the classifications less
accurate (lower precision).

The F score is a measure of a test's accuracy. It considers both the precision (P) and the recall
(R) of the test to compute the score: P is the number of correct positive results divided by the

9 A 24-months window seems a reasonable benchmark to capture “normal times” behavior prior to the start (or the peak) of a
crisis.

'° This is a shorter window compared to Aldasoro et. al. (2018) who use a 12-quarters forecast horizon. Kaminsky et. al. (1998),
use 24-months’ forecast horizon.
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number of all positive results returned by the classifier, and R is the number of correct positive
results divided by the number of all relevant samples (all samples that should have been
identified as positive). The F1 score is the harmonic average of the precision and recall, where an
F1 score reaches its best value at 1 (perfect precision and recall) and worst at 0. We use the F2
score which weighs precision higher than recall (by placing more emphasis on false negatives).

P R

F2=(1+'82)(1+ﬁ2)P+R

True positives are those spikes (as defined above) which precede the start of a crisis. False
positives are spikes which are not followed by a crisis start within a 24-months window. False
negatives are given by those crises identified by K&R which were not preceded by a spike within
a 24-months window. Signals that were triggered between crisis start and crisis peak (as defined
in K&R) were counted neither as true positives nor false positives.™

When assessing and computing prediction metrics, we do not consider the full sample (1980-
2018), because we know that after 1999 there are no more crisis in the K&R sample. For example,
the financial crisis in Argentina in 2001, is not taken into account to compute the evaluation
metrics. However, it is important to note that most of our sentiment indicators would have
successfully triggered an EWS ahead of time (Appendix 3).

B. Benchmark index

To have a benchmark for our evaluation metrics we compare our sentiment indices to a random
index constructed as follows: for each month, we randomly generate 20 seed words for each
country, we build a time series from 1980 to 2019, and run the same evaluation process
presented above. We repeat this process 100 times and use the average F2 score to compare to
our indices’ F2 score (Figure 2).

The overall average F2-score for the random benchmark is 0.39. All our sentiment indices
perform better, and the broader the sentiment, the better the performance relative to the
benchmark.

" Note that counting EWS triggered after a crisis start, but before a crisis peak, would significantly improve the results. This is
particularly relevant for relatively long crises with “crisis start” occurring many months, and in some cases years, ahead of the
“crisis peak” (Appendices 2 and 3).



16

Figure 1. Sentiment Indices Performance Compared to a Random Benchmark (24m
window)
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C. Prediction Performance

We developed 10 sentiment indices for 20 countries between 1980 and 2019. Our main results
can be summarized in 7 points below. We find that:

1- On average (across countries) general sentiment indices (e.g., positive sentiment)
perform better than specific sentiment indices (e.g., fear sentiment).

Table 3 presents a summary of the results for each sentiment index. At an aggregate level (as
opposed to country specific) “Positive sentiment” as well as "All sentiment” perform best in terms
of forecasting power (highest F2 score), followed by the negative and opinion sentiments.

On average (across all countries), EWS in all sentiments precede between 57 (F2 Score) and 90
percent (Recall) of the identified crises, and on average 23 percent of the EWS identified are true

positives. Among the five specific indices, “crisis”, “opinion”, and “risk” sentiments display the
highest recall, followed by “fear” and “hedging” sentiments (Table 3).

On average, aggregated results (for all countries in the sample) for the more general indices
display better forecasting performance. Wider clusters improve the F2 score, though not
necessarily the recall. This suggests that a richer and broader set of words can improve accuracy
(precision) in triggering an EWS at the right time.
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Table 3. Summary Evaluation of “Text-Based” EWIs
Sentiment Recall Precision F2
Positive sentiment 0.92 0.26 0.61
All sentiment 0.90 0.27 0.61
Negative sentiment 0.92 0.24 0.59
Opinion sentiment 0.92 0.24 0.59
Crisis sentiment 1.00 0.21 0.58
All sentiment (w/o pos & neg) 0.87 0.24 0.58
Negative sentiment + 0.86 0.24 0.57
Risk sentiment 0.92 0.22 0.56
Hedging sentiment 0.84 0.22 0.54
Fear sentiment 0.86 0.19 0.51
Average 0.90 0.23 0.57
Min 0.84 0.19 0.51
Max 1.00 0.27 0.61

2- For a given country, some sentiment indices (e.g., hedging sentiment for Turkey)
perform better than others (e.g., crisis sentiment for Turkey).

3- Some sentiment indices perform better for some countries (e.g., crisis sentiment for
Mexico compared to crisis sentiment for Malaysia).

Tables 4 and 5 present the F2-score for all our indices for all countries in the sample.'> Among
the 5 specific sentiment indicators (e.g., “fear”, “risk”, “hedging”, “opinion”, and “crisis"), their
forecasting power for Brazil, Mexico, Sweden, and Turkey appears, on average, better (high F2
score) than for other countries. For Brazil, “fear” and "hedging” sentiments appear to be the best
performers, whereas for Mexico and Sweden, “crisis” sentiment appears to perform better. In the
case of Turkey, "hedging” is clearly better performing than all other sentiment indices. For
Argentina and Bolivia, “opinion” language appears to perform well; and so does “crisis” language

in the case of Finland.

12 Recall and precision results are also presented in Appendix 4.
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Table 4. F2 Scores for Specific Sentiment

Sentiment Fear Hedging Opinion Crisis Average

Country

Argentina 0.54 0.61 0.61 0.74 0.54 0.61 0.54 0.74
Bolivia 0.50 0.66 0.25 0.74 0.40 0.51 0.25 0.74
Brazil 0.83 0.73 0.83 0.76 0.73 0.78 0.73 0.83
Colombia 0.00 0.33 0.42 0.56 0.25 0.31 0.00 0.56
Denmark 0.00 0.50 0.00 0.29 0.53 0.26 0.00 0.53
Finland 0.68 0.47 0.63 0.66 0.78 0.64 0.47 0.78
Indonesia 0.38 0.58 0.00 0.00 0.25 0.24 0.00 0.58
Israel 0.42 0.36 0.38 0.38 0.50 0.41 0.36 0.50
Malaysia 0.00 0.28 0.00 0.00 0.20 0.10 0.00 0.28
Mexico 0.71 0.77 0.75 0.77 0.88 0.78 0.71 0.88
Norway 0.29 0.63 0.50 0.58 0.45 0.49 0.29 0.63
Peru 0.43 0.50 0.31 0.45 0.20 0.38 0.20 0.50
Sweden 0.57 0.57 0.68 0.68 0.83 0.67 0.57 0.83
Thailand 0.33 0.20 0.50 0.45 0.32 0.36 0.20 0.50
Turkey 0.74 0.76 0.93 0.71 0.37 0.70 0.37 0.93
Venezuela 0.38 0.00 0.63 0.33 0.00 0.27 0.00 0.63
Aggregate 0.43 0.48 0.49 0.51 0.46 0.47 0.43 0.51
Average 0.43 0.50 0.46 0.51 0.45 0.47 0.29 0.65
Min 0.00 0.00 0.00 0.00 0.00 0.10 0.00 0.28
Max 0.83 0.77 0.93 0.77 0.88 0.78 0.73 0.93
St. Dev. 0.26 0.22 0.29 0.25 0.25 0.21 0.26 0.18

4- At the individual country level, general sentiment indices (e.g., negative sentiment) do
not always perform better than specific sentiment indices (e.g., crisis sentiment).

The five more general sentiment indicators (e.g., positive/negative sentiment, “All sentiment w/o
pos and neg”, “Negative sentiment +" and “All sentiment”) appear to have better forecasting
power for Brazil, Mexico, and Turkey (high F2 score) than for other countries. For Brazil, positive
sentiment appears to be the best performer (possibly capturing excess of optimism,
asset/financial bubbles, and/or unsustainable imbalances ahead of crises). For Mexico and
Turkey, even though all indices appear particularly strong, “Negative sentiment +" and “All
sentiment” appear to perform better than the rest. Slightly less strong, but still high, is “All

sentiment” for Indonesia and “Negative sentiment” for Sweden.

Interestingly, for Mexico, Finland, and Denmark, “Crisis sentiment” appears as the best performer
across our 10 indices for Mexico. For Norway, “Risk sentiment” appears as the best performer.
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Table 5. F2 Scores for Aggregated Sentiment
All sentiment

Negative Positive ST Negative + Average

Country

Argentina 0.52 0.66 0.61 0.52 0.52 0.56 0.52 0.66
Bolivia 0.63 0.63 0.52 0.50 0.48 0.55 0.48 0.63
Brazil 0.69 0.91 0.80 0.74 0.88 0.80 0.69 0.91
Colombia 0.42 0.42 0.45 0.42 0.50 0.44 0.42 0.50
Denmark 0.45 0.33 0.00 0.00 0.00 0.16 0.00 0.45
Finland 0.64 0.69 0.68 0.64 0.66 0.66 0.64 0.69
Indonesia 0.56 0.67 0.00 0.50 0.71 0.49 0.00 0.71
Israel 0.67 0.59 0.67 0.63 0.67 0.64 0.59 0.67
Malaysia 0.29 0.00 0.00 0.00 0.00 0.06 0.00 0.29
Mexico 0.83 0.67 0.75 0.86 0.86 0.79 0.67 0.86
Norway 0.25 0.42 0.50 0.48 0.48 0.42 0.25 0.50
Peru 0.43 0.48 0.50 0.50 0.48 0.48 0.43 0.50
Sweden 0.71 0.69 0.67 0.63 0.63 0.67 0.63 0.71
Thailand 0.47 0.43 0.56 0.45 0.63 0.51 0.43 0.63
Turkey 0.86 0.91 0.87 1.00 1.00 0.93 0.86 1.00
Venezuela 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Aggregate 0.51 0.54 0.49 0.50 0.54 0.52 0.49 0.54
Average 0.53 0.53 0.47 0.49 0.53 0.51 0.41 0.61
Min 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Max 0.86 0.91 0.87 1.00 1.00 0.93 0.86 1.00
St. Dev. 0.22 0.26 0.30 0.29 0.30 0.26 0.28 0.24

Chile, Philippines, Spain, and Uruguay experienced crises at the beginning of the 1980s. Given
that: (i) our dataset starts in January 1980, and (ii) our methodology relies on a 24-months rolling
z score, our dataset does not allow us to assess whether EWS preceded the start of those crises.™
However, for the cases of Spain, Philippines and Uruguay, our “crisis” sentiment index would
have triggered EWS ahead of the respective peaks of these crises (Figure 1, and Appendices 2
and 3). Similarly, for the second crisis in Philippines (July 1997), sentiment indices trigger a signal
right after the start of the crisis, but ahead of the peak (Figure 1, and Appendices 2 and 3).

5- Our crisis sentiment index, for most countries, triggered EWS at the right time.

Figure 1 shows that the “crisis” sentiment index would have triggered EWS ahead of some large
crises. Specifically, it would have captured the 1995 and 1999 crises in Brazil, the 1987-89 crisis in
Denmark, the 1991-92 crisis in Finland, the 1983-84 crisis in Israel, the 1985, and 1998-99 crises
in Malaysia, the 1982-84 crisis in Mexico, the 1988-91 crisis in Norway, the 1983 crisis in Peru,
the 1992 crisis in Sweden, the 1984 crisis in Thailand, and the 1991 crisis in Turkey.

'3 This is reflected in the recall, precision, and F2 scores being equal to 0 (Tables A1 and A2 in Appendix 4).
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Figure 2. Crises (Start to Peak) and Crisis Sentiment Signals

Crisis Sentiment
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Note: Blue horizontal bars represent crises windows (from start to peak) as identified in K&R (Table 1) for each country.
Black dashes represent EWS

EWS triggered after crises’ starts, would still have been effective in flagging crises ahead of the
(crisis) peak. For example, for the Philippines, even if there was no EWS ahead of the start of the
1997 crisis, our “crisis” sentiment index would have triggered seven (almost consecutive) EWS
during Q3-Q4 1997, and in Q1 1998.

6- Considering a battery of different sentiments increases chances of detecting crises.

It is useful to consider a set of sentiment indicators (not just one). Sentiment ahead of crises may
very well vary across time, countries, types of macro imbalances, and types of crises. Considering
a battery of different sentiment indices, or aggregate indices (comprising more than one
sentiment) increases the chances of detecting spikes in sentiment, at the right time.

Appendix 3 shows time series for all our sentiment indices, for all countries, between 1980 and
1999. We find that most of our indices trigger EWS ahead of severe financial crises. For example,
for Turkey 1991, the “hedging” sentiment index trigger 5 strong EWS ahead of the start of the
crisis, the “fear” sentiment 4, and the “crisis” sentiment 2. So, depending on the crisis, the
country, and the sentiment index, some indicators could be more successful than others, both in
terms of number of signals and timing.

The number of EWS that are triggered ahead of a crisis can vary across indices for a given
country. For example, in the case of Thailand, many of our indices triggered EWS ahead of the
peak of the crisis in the late 1990s. But for the Brazil 1994-96 crisis, the “risk” sentiment index
would not have triggered an EWS, whereas the “crisis” sentiment would have successfully flagged
the crisis. For the 1999 crisis in Brazil, both indices would have flagged several EWS ahead of
time. In the case of Israel, the “crisis” and “positive” sentiment indices would have been more



21

accurate in triggering an EWS “at the right time” compared to the “risk” and "negative”
sentiments which also triggered EWS but perhaps too early (Appendices 2 and 3).

7- Our sentiments indices performed well in recent crisis (or near crisis) episodes.

Many of our sentiment indices triggered EWS ahead of recent crisis (or near crisis) episodes. For
example, “crisis” and “negative” sentiment indices in Argentina would have triggered EWS in an
18 months window prior to the 2018 currency crisis (Box 3). In Brazil, “negative” (and other)
sentiment indices triggered EWS ahead of the Lava Jato corruption scandal in 2014, and ahead of
President Rousseff's impeachment in 2016. For Turkey, our “negative” sentiment index triggered
EWS ahead of the coup attempt in 2016 and reached an all-time high (also triggering an EWS) in
early 2018, ahead of the market pressures that hit the country later that year (Appendices 2 and
3). In Spain, our “crisis” index would have triggered six EWS ahead of the Global Financial Crisis
(GFQC).
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Box 3. Negative Sentiment in Argentina in 2018 and 2019

Our “negative sentiment” index proved to be an effective EWS of past crises in Argentina.
Sharp movements in indices—crossing a threshold of 2 standard deviations above the previous 24
months average—are a good early warning indicator of severe crises. For Argentina, they would
have successfully predicted 2 financial crises in the 1980s, the severe recession in 1998, the 2001
crisis, and the currency crisis in 2018.

The index performed well as a leading indicator of financial stress in 2018 (chart). It
increased sharply in April, ahead of the International Monetary Fund (IMF) Stand-By Arrangement
(SBA) request in May, while the sovereign spread, was less informative, remaining broadly stable
up to the crisis. It then increased by almost 30 percent between June and

August, ahead of the request for an early release of funds within the IMF SBA, and ahead of a 30
percent depreciation in September.

Argentina. Negative Sentiment and Sovereign Spread
(Jan 2018 - May 2019)

Program request Request for the
early release of
Funds

Spread

rentina Sovereign

negative_sentiment_language

JPMorgan EMBIG Arg

After falling at the end of 2018, the index increased again between January and April
2019. After dropping temporarily in Q4 2018, the negative sentiment was 11 percent higher in
April 2019 than during its peak before the program request (April 2018). The jump likely reflects
an increase in inflation and inflation expectations, and a depreciation of the peso.

Although not the focus of this paper, it is worth noting that sentiment varies over time and
across countries. Appendix 3 shows that the level of most sentiment indices is higher after the
GFC. This could be due to several factors, including a somewhat permanent shift in FT language,
possibly reflecting persistent concerns about crises and vulnerabilities after the GFC. Secular
stagnation concerns might also explain the permanent increase in the use of negative language
after 2010 (Appendix 3).
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IV. ROBUSTNESS CHECKS
A. Economic term clusters

Following Baker et al. 2015, we selected economic words/terms (e.g., fiscal deficit, recession, etc.)
that could potentially be associated with pre-crisis sentiment, to assess whether their frequency
increases ahead of financial crises, possibly indicating increases in risks and vulnerabilities ahead
of a crisis.

The terms identified, with some exceptions, do not appear to display spikes ahead of crises,
suggesting that the focus should be on word/term clusters (as opposed to narrow economic
words/terms). In addition, lexical terms associated with pre-crisis sentiment will likely vary
depending on the country affected, the type of imbalances, the specific transmission channels,
etc., which would in turn be related to country specific underlying economic vulnerabilities, and
the type of crisis.

Broader sentiments as the ones we identify in this paper show better performance compared to
predetermined and isolated economic words/terms (Tables 3 and 6).

Table 6. Results Selected Economic Terms Clusters
Term Recall Precision F2 Score
Corporate earnings 0.87 0.20 0.52
Banking sector losses 0.80 0.21 0.51
Asset impairments 0.81 0.20 0.50
Nonperforming assets/loans 0.81 0.19 0.50
Uncertainty 0.89 0.17 0.48
Negative GDP growth 0.85 0.17 0.48
State intervention 0.84 0.17 0.48
Excessive volatility 0.85 0.17 0.47
Balance sheets deterioration 0.86 0.16 0.46
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B. Different Time Windows

Our results are sensitive to different time windows after an EWS is triggered. This is true for all
our indices and the random benchmark. Given an EWS in any given month, the longer the
window considered after that EWS is triggered, the more likely it is for that window to include a
crisis.

Figure 3. Sentiment Indices Performance Compared to a Random Benchmark
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The same is true at the country level, despite of some variation. Longer windows improve the F2
score (Table 7).

Table 7. F2 Scores for Selected Seed Terms for All Countries
36 m 24 m 12 m 6 m 3m

Argentina 0.78 0.64 0.34 0.18 0.09
Bolivia 0.50 0.36 0.18 0.06 0.03
Brazil 0.84 0.74 0.45 0.19 0.09
Chile 0.00 0.00 0.00 0.00 0.00
Colombia 0.10 0.10 0.10 0.10 0.02
Denmark 0.49 0.36 0.27 0.15 0.09
Finland 0.44 0.40 0.28 0.14 0.04
Indonesia 0.44 0.30 0.14 0.06 0.06
Israel 0.28 0.28 0.17 0.07 0.05
Malaysia 0.43 0.32 0.17 0.08 0.04
Mexico 0.57 0.47 0.28 0.17 0.14
Norway 0.42 0.33 0.11 0.03 0.02
Peru 0.26 0.26 0.26 0.07 0.03
Philippines 0.00 0.00 0.00 0.00 0.00
Spain 0.00 0.00 0.00 0.00 0.00
Sweden 0.48 0.43 0.25 0.18 0.09
Thailand 0.24 0.24 0.14 0.06 0.04
Turkey 0.41 0.39 0.29 0.18 0.08
Uruguay 0.00 0.00 0.00 0.00 0.00
Venezuela 0.46 0.35 0.19 0.11 0.07
Average 0.36 0.30 0.18 0.09 0.05
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C. Different Weights within Clusters

Given that each seed word in each of our indices is associated with a cluster of words, we
consider weighting each of those words by its relative proximity to the corresponding seed to
assess whether this would affect forecasting power. Table 8 shows that for a selected set of seeds
using weights does not materially change the results.

Table 8. Results for Selected Seed Words for Alternative Time Windows

F2 Score (unweighted) F2 Score (weighted)
window window

3BmM 2dm 12m 6m 3m ‘M 2dm 12m 6m 3m

['fear'] 052 045 033 017 0.10 051 043 031 017 0.10
['worry'] 048 040 025 012 0.08 049 040 025 013 0.08
['concern’] 051 042 025 014 0.07 051 042 025 014 0.07
['risk] 050 045 024 045 0.06 050 045 023 015 0.06
['threat] 054 043 025 013 0.09 055 045 027 014 0.09
['warn'] 055 051 031 016 0.09 053 048 029 015 0.09
[maybe'] 051 042 023 012 009 051 042 023 011 009
[may'] 052 047 032 018 0.10 051 047 033 018 0.10
['possibly’] 051 046 029 016 0.07 052 048 027 014 0.07
['could] 048 044 024 015 0.08 049 044 023 014 0.08
['perhaps'] 052 047 026 012 0.08 052 048 027 013 0.08
3 |['uncertain'] 059 050 033 019 0.09 055 049 032 020 0.09
& ['say'] 054 049 027 015 0.08 055 050 029 014 0.08
['feel] 049 043 025 013 0.08 050 044 025 014 0.08
['predict] 054 049 029 015 0.07 054 048 030 015 0.07
['tell 055 049 028 013 0.08 056 050 030 0.5 0.08
['believe'] 054 051 027 014 0.08 053 049 027 015 0.08
['think] 050 041 024 013 0.09 051 043 026 016 0.09
['recession’] 047 038 023 012 0.06 047 040 027 014 0.06
[financial_crisis] 0.51 044 0.28 0.17 0.10 052 045 029 017 0.10
[crisis'] 049 040 024 016 0.09 048 037 022 013 0.09
['depression’] 051 047 034 023 013 052 047 033 022 013
['shock] 049 043 028 018 0.11 050 042 027 017 011
Average 052 045 027 015 0.08 052 045 027 015 0.08
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D. Topic Modeling

As an additional robustness check, we use topic modeling as a “purely machine-driven” (without
human judgement) approach to select relevant topics, prior to selecting seed words. The purpose
of this exercise is to explore an alternative approach to building sentiment indices, and assess
whether it performs better than semantic clustering.

The following process is used to construct these “topic-based” indices is the following: First we
let the machine select a number of topics at each point in time (i.e.,, month). Second, we focus on
the set of (30 closest) words associated with each of those topics. Third, we use each of those
words as a “seed”, and fourth we select 10 words associated with each of those seeds.' We build
an index value for the associated words' clusters in the same way we did for the semantic
modeling approach. Intuitively, this is a mechanical (no judgement involved) way to select a set
of words that are associated with a specific topic (as opposed to a specific sentiment or semantic
terminology). In general, the results (mainly F2 score) for selected topics are slightly worse
compared to sentiment indices (Tables 3 and 9).

Table 9 Summary Results for Selected Topics
Topic Recall Precision F2
Regulatory 0.84 0.21 0.53
FinancialAnalysis 0.79 0.20 0.50
Investment 0.78 0.19 0.49
RealEstate 0.75 0.18 0.46
Average 0.79 0.20 0.49
Min 0.75 0.18 0.46
Max 0.84 0.21 0.53

Table 9 shows that, on average, significant increases in selected topics frequency preceded
between 49 percent (F2) and 79 percent (Recall) of crises, and about 20 percent of the signals
identified were true positives. In terms of individual topics, “Regulatory” and “Financial Analysis”
display the highest F2 scores, followed by “Investment”. All topics have relatively high recall, and
much lower precision, in line with the sentiment indices, but overall performance appears slightly
worse compared to the sentiment indices’ performance.™

™ Ten, turns out to be the best number of words (based on F2 scores), when trying with 5, 10,15, 20.

15 Detailed country-specific table (A3) and Figure (A1) in Appendix 4.
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V. LIMITATIONS AND EXTENSIONS

A. Limitations

Time varying language. Sentiment, and association between words and topics, as well as
frequency of words and topics may be time varying, and hence indices that rely on a time
invariant set of words could miss relevant shifts in sentiments over time. Despite this potential
shortcoming, the performance of our indices is reasonably good.

B. Extensions

News Sources. Country-specific news sources could eventually improve accuracy and forecasting
power (increase our precision metric) as the composition of (words within) the sentiment clusters
could potentially change.

Crises Dates. Using alternative sources for different crises dates could expand the “training”
sample beyond 1999. This would add more (crisis) events, though outcomes may or may not
improve. The set of identified words for each of our indices seems to have a reasonable
forecasting performance for the types of crisis identified in K&R (for the countries in our sample)
and even ahead of recent crises, or extreme economic stress events. Different crises definitions
may affect the composition of words’ clusters relevant to “predict” such type of crises, and may
also differ from the ones we developed in this paper.

Other Events. It could be interesting to assess how (much) sentiment shifts ahead of other
country specific and/or global events and shocks. Different types of events that one could
consider are not necessarily crisis events, but rather large depreciations and recessions following
sizeable terms of trade shocks (i.e., Russia 2014-15).

Country coverage. Country coverage could be expanded but relevant events to “test” forecasting
power might need to be rethought for countries which do not suffer recurrent systemic crises.
This is especially the case for advanced economies, which do not experience frequent episodes of
severe crises.

VI. CONCLUSION

We construct 10 new sentiment indices for 20 countries, from January 1980 to May 2019, using
Financial Times’ news articles. We find that our indices contain useful information and show that
sentiment spikes and/or trends up ahead of financial crises.
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Predicting crises is inherently challenging because these are rare events, and data coverage are
often scarce. We believe that this new dataset can contribute to expand available EWIs and can
be useful to researchers and policy makers for multiple applications.

First, the fact that our sentiment indices tend to spike ahead of financial crises (e.g., Brazil 1999)
or periods of severe economic stress (e.g., Turkey 2018) suggests that our “news-based”
indicators could potentially improve performance of traditional forecasting models.

Second our sentiment dataset could be used to examine potential similarities and/or differences
in cross country sentiment, and subsequent economic outcomes, when there are common global
shocks.

Third, the relatively broad country and time coverage allows to tackle issues so far not explored
because of data limitations such as the potential role that sentiment could play in affecting
exchange rate markets, capital flows’ swings, or whether sentiment in financial news precedes
movements in high(er) frequency financial variables like sovereign spreads (e.g., Argentina in
early 2018), CDS, or interest rates.
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Appendix 1. Semantic Clusters

This appendix summarizes the mechanical steps to construct semantic clusters.

We built semantic clusters as follows:

First, we select one or several “seed terms” for each concept. These seed terms are meant to be
those most archetypically related to the semantic concepts of interest.

Second, we measure the (cosine) similarity between the word embeddings representing the seed
terms and all other word embeddings trained on the corpus.

Third, we select the top 15-word embeddings with the highest (cosine) similarity to the seed
terms (i.e. the 15 words closest to the seed terms on our “semantic map” of the corpus) and add
those to the seed terms in order to form the specific set of words that function as proxy for the
semantic concepts of interest.

Table A1. Seed and Related Terms for Risk language

argue concede, wamed,acknowledge ,admit,say,suggest,predict,insist,complain,warning,
conclude stress,confirm,fear

flnancial,finan_cial sinancial,sinan_cial,inancial,financiai,financia,tinancial,sinan_cial linancial,

e T nancial,fnancial,virus,avian_influenza,finandal

terror terrorist jihadism,violence extremist,islamist_extremism,banditry,jihad,brutality

danger stigma,vulnerability,instability

Seed Term Top 15 most closely semantically related terms

warn
reputational_risk,counterparty_risk,danger,systemic_risk,probability,downside_risk,nsks,
risk likelihood,nsk,volatility,moral_hazard,risk_premia,illiquidity,leverage vulnerability
danger existential_threat,threat_pose,onslaught,spectre,challenge,obstacle,pressure,
. vulnerability,provocation,threaten,consequence,hostility,problem,backlash
flnancial sinan_cial finan_cialfinanciai,sinancial tinancial,financia,finacial,inancial fiancial,
sinan_cial linancial finandal,finanial,finanoial
financial&hazard
sinancial,flnancial.finan_cial,systemic tinancial,sinan_cial linancial,sinan_cial,inancial financia,
financial&contagious financiai,fnancial,anancial,nancial,self_fuffill
effectadverse_effect,adverse_impactmpact,detrimental_impact,consequence,repercussion,s
impact pillover_effect,implication,detrimental_effect,ripple_effect,ramification,inflict,damage_inflict,

terrorism,terrorist,islamic_extremism,extremism,barbarity,islamist_terrorism,atrocity,islamist_

threat,possibility,likelihood,consequence risk,spectre, problem,hazard,fear,peril reality difficulty,
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Table A2. Seed and Related Terms for Hedging Language

Seed Term Top 15 most closely semantically related terms

may should,can,willwould,must,doe,merely,shall mav,ought,yet,ould,likely,expedient,.may
conceivably,perhaps,potentially easily,probably,even,maybe,almost_certainly,hopefully,dange

possibly ous,a€“ costly, plausibly either,counterproductive
bleak,optimistic,pessimistic,sanguine,precarious,benign,volatile unsure,unclear jittery,unpredic

uncertain able,uncertainty,gloomy,fragile relatively_benign
perhaps,anyway,really,probably,surelythink,remember &€, here crazy,definitely,obviously,

maybe forget,lucky,wonder_whether

can should,will would,must,may,could,doe ould,have ,often,ought,couldn,want,need,usually

maybe,indeed,surely,probably,certainly,even,obviously,arguably,possibly,self_indulgent,
perhaps presumably,quite hardly,sometimes,too

worry,concern,question,sceptical scepticism,fear,misgiving,suspicion,fret,believe anxiety,
doubt wonder,qualm,widespread_scepticism,think

unclear,sceptical,undecided,unaware wary,apprehensive ignorant,ponder,unconvinced,deeply
unsure _sceptical skepticalambivalent,mindful,know,unconcerned
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Table A3. Seed and Related Terms Opinion Language

Top 15 most closely semantically related te rms

concede,argue,insist,admit,tell acknowledge believe reckon,warn,conclude suggest,add,stress
say tell_reporter,explain

think,remember,imagine believe,seem,wonder_whether forget,realise know,wonder,sense,
feel grumble behave resentful disorientate

suggest,foresee reckon,anticipate,believe argue warn,confidently_predict,concede,
predict acknowledge say,speculate,indicate conclude forecast

remind,say,explain,ask,complain,admit,recall,convince assure acknowledge observe believe,
tell inform,reassure,argue

argue reckon,acknowledge, think suggest,convince,concede predict,insist,say,recognise,admit
believe wonder_whether,conclude,assume

believe feelwonder_whether,imagine know,remember,guess,realise forget,wonder,convince,
think really,understand,afraid,worry

argue,indicate,concede,believe, acknowledge predict,conclude confirm,imply,reckon,emphasig
suggest e say,admit,insistwarn

agree,choose,ask,determine consider reconsider,instruct ponder,persuade reexamine refuse,
decide con_siderdiscuss,advise clarify

approve pro-_pose proposal,agree,announce,recommend,plan,envisage,outline,oppose,
propose unanimously_approve,draft,consider,abolish,reject

instruct,consult,behalf recommend,inform,decide congratulate rely,insist,asktell,oversee,
advise appoint,foist,urge

suggestion,dismiss_suggestion,reject_suggestion,indicate,concede,signal,indication,suggest,
hint acknowledge warn,express_disappointment,argue acknowledgment,whiff acknowledgement

pointer,explanation,reassurance indication,salutary_lesson,answer,puzzle,inkling,succour,
clue object_lesson,glimpse,cautionary_tale timely _reminder,pleasant_surprise,consolation

hear listen,tell summon,admonish,harangue upbraid,berate observe practise, lecture,shout,
speak pontificate,declaim,recite

unveil,confirm,reveal finalise,launch,approve propose outline,nnounced,warn,conclude,
announce anounced,agree,declare reaffirm

Table A4. Seed and Related Terms for Crisis Language

Top 15 most closely semantically related terms

financial_crisis credit_crunchturmoilfinancial,sinancialfinan_cial,meltdown,liquidity_crunch,sinan_cial,

upheaval,systemic,turbulence,cri_sis,linancial,recession,cnsis

depression recession,stagflation trauma stagnationgreat_depressionmalaise,epidemic,reces_sionillness,

psychosis affliction,privation,deflation,disorder,famine
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Table A5. Seed and Related Terms for Positive Sentiment

Top 15 most closely semantically related terms

able unable,oblige try,need,eager,allow keen,enable ability,ready,enough,want,wish,anxious,incline

allow,help facilitate require ensure able encourage,assist,complement,empower,need,
enable incentivise,seek,want,use

properly,inadequately,adequate sufficiently_robust,appropriately,poorly,fully,sufficiently,
adequately prudently,sufficient,rigorously,accurately,correctly,adequacy,susficient

relatively_benign,favourable,favorable robust,positive subdue unfavourable accommodative,
benign uncertain,unstable bleak,predictable perverse, mute deflationary

subdue sluggish,depress lacklustre resilient,weak,robust,strong,stagnant,severely _depress,
buoyant buoyancy,volatile,upbeat,doldrums,favourable

softness,sluggishness,weakness,resilience steadiness,firmness,strength,tightness,upswing,
buoyancy upturn,fragility,buoyant,upward_trend,bullish_sentiment,bullish_mood

comsortable,happy,uncomfortable luxurious,uncomsortable pleasant,agreeable risk_averse,
comfortable relax,unsatisfied,comfy,closely_align,attractive safe,hospitable

consident,hopeful,optimistic,sceptical,cautiously_optimistic,convince,reasonably_confident,
confident believe adamant,assure,hope supportive,con-_cerned,unconvinced,doubt

improve strengthen,maximise,greatly _enhance,bolster,optimise,maximize undermine boost,
enhance complement,underpin,reinforce impair,maintain,facilitate

unfavorable,favourable,unfavourable relatively _benign,benign,positive, worrisome,

disadvantageous,accommodative ,remunerative reliable_indicator,propitious,adverse,

favorable important_determinant,stable
unfavourably sceptically,favourable warily,positively,sympathetically,favorable cautiously,
favourably optimistic,harshly,sanguine kindly,keenly,toppy,positive
robust,decent,strong,solid,respectable stable resilient buoyant,unhealthy,sustainable,
healthy satisfactory,good,unexciting,positive steady
enhance,strengthen,deteriorate,boost,mprove,reduce,bolster,increase,mproved,improvement,
improve maintain,optimise restore,accelerate,maximise
deterioration,upturn,reduction,acceleration,recovery,mprovement,increase,uplift,improve,
improvement rebind,turnaround,decline,uptick slippage slight_improvement
minimise counteract,ameliorate alleviate offset,lessen,negate, minimize ,neutralise outweigh,
mitigate quantify,magnify,avoid,reduce eliminate
negative,bullish,upbeat,favourable bearish,downbeat,benign,strong,disappoint,cautious,robust,
positive favorable gloomy,optimistic,unfavourable
cautiously,favourably,warmly,sympathetically,profoundly,naturally,thoroughly,somewhat,
positively clearly,positive, mildly distinctly,sceptically,inwardly,differently
profits profits,prots,prolts,profis,proits,profi,prolits,prolt,proflt, prfits,profl,profts,prost,proit,prols

bounce_back,rebound_strongly,recover,tumble fall,slump,dip,rebind,slip,plummet retreat,slide
rebound plunge climb,bounce
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Table A5. Seed and Related Terms for Positive Sentiment (concluded)

bounce_back,rebound,recoup,claw_back,regain,stabilise,suffer,erase,subside,
recover rebound_strongly,recede fall slip,evaporate plummet

rebind,upturn,upswing,growth,slowdown,downturn,revival,nascent_recovery,turnround,
recovery turnaround,improvement,bounceback,cyclical upswing,recession,ecovery

strength,robustness, fragility,buoyancy,weakness,vulnerability,dynamism,solidity,steadiness,
resilience durability, vitality,softness,toughness sensitivity success

robust,buoyant,surprisingly_resilient,remarkably_resilient,strong,stable,sluggish,subdue,
resilient healthy,volatile weak profitable benign,vulnerable solid

strong,robust,impressive,healthy,stable solidly,stellar resilient,respectable,uninspiring,sturdy,
solid unexciting,decent,enviable buoyant

mawkish,dissonant,tinny,tuneful,plangent,synthesiser,appealingly,bouncy,whimsy,unearthly,
sound astringent,soporific,sublimely,portentous,quirky

stabilize, weaken,normalise restore_confidence falter,recover strengthen,regain_momentum,
stabilise reflate restore deteriorate,rebalance revive stabilisation,soften

stabilise,normalise reflate stabilization,restore_confidence,regain_momentum,choke_off,
stabilize readjust,deleverage rebalance recalibrate,deflate, weaken stabilisation kickstart

suc_cess,achievement,uccess,sucess,accomplishment,succes,breakthrough,resilience,
success prowess,ambition,dynamism,outperformance progress,survival,strength

succesful,profitable,sucessful successfu,ambitious,suc_cessful,innovative,uccessful,
successful hugely_successful.excite prestigious,sophisticate cessful,successul,impressive

effectively,aggressively,vigorously successful skilfully satisfactorily,energetically,intensively,
successfully robustly swiftly efficiently,rapidly,dynamically,profitably,consistently

Table A6. Seed and Related Terms for Negative Sentiment

Seed Term Top 15 most closely semantically related terms

sudden,dramatic,ignominious,untimely,unexpected,abruptly,precipitous,sharp,drastic,ca
abrupt mic,disorderly,hasty,gradual suddenness,painful

unfavourable,unfavorable,favourable,negative,currency_fluctuation,unforeseen,advers
adverse worsen,favorable severe unforeseeable deterioration,recessionary,positive,unanticipatg
materially_affectadversely_affect,adverse severely affect,magnify,impair,unfavoural
negative severely dentaffect,detrimental severely_curtailameliorate currency_fluctu
adversely depress

exacerbate beset,hamper affect,accentuate bedeviladversely affect,magnify,worsen,
aggravate plague hinderwrack,ameliorate severely affect

dreadful,lousy;terrible,awful horrible nasty,wrong,atrocious,rotten,unpleasant,miserable
bad unfortunate,scary,ugly,stupid

administrative_burden,strain,constraint,pressure,dependency,stigma,dependence,red_t
burden risk,cost,pain,onus,reliance,downward_pressure hardship

dilemma,chal_lenge,obstacle problemthreat,conundrum difficulty,daunt_taskethical d
challenge taskheadwind,hurdle uphill _battle headache,uphill_struggle
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Table A6. Seed and Related Terms for Negative Sentiment (continued)

mothballing,redundancy,shutdown,lie_offs,rationalisation,layoff closing,stoppage,
closure compulsory_redundancy,pit_closure,shut_down,demolition,disposal,gartcosh,disruption

slowdown,deceleration,acceleration,deterioration,stagnation,decline shrinkage,downturn,
contraction recession,upturn,upswing,downward_revision,rebind,retrenchment,upward_revision

expensive,cumbersome,painful,problematic timeconsuming,complicate disruptive,inefficient,
costly burdensome,dangerous,unnecessary,troublesome wasteful,onerous,complex

harm,reputational_damage,severely_damage,irreparable_damage,collateral_damage,cripple
damage tarnish,destroy,devastate endanger,catastrophic,irreparable,undermine,hurt,corrode

threat,possibility,likelihood,consequence risk,spectre problem,hazard,fear peril reality,difficulty
danger stigma,vulnerability,instability

budget_deficit,surplus,defcit,borrow_requirement,imbalance shortfall budget,psbr,
deficit external_imbalance,gdp,fiscal.expenditure, unemployment,inflation,outlay

severely_dent,hurt,tarnish,undermine,bolster,boost,erode weaken,dampen,adversely_affect,
dent severely damage,crimp,depress,affect,batter

undermine destabilisation,disrupt,inflame,imperil neutralise instability,aggravate paralyse,
destabilise cripple,counterproductive,choke _off,unstable,hinder,jeopardise

worsen,deterioration,weaken,improve sharp_deterioration,rapid_deterioration,depress,shrink
deteriorate stabilise stagnate decline,normalise weakdire diverge

sharp_deterioration,rapid_deterioration,improvement,deteriorate slowdown,weakness,decling
deterioration shrinkage erosion,contraction,deceleration,slippage, worsen,upturn,downturn

sharp_deterioration,rapid_deterioration,improvement,deteriorate slowdown,weakness,decling
deterioration shrinkage erosion,contraction,deceleration,slippage, worsen,upturn,downturn

extremely_difficult diffcult dificult,diffi_cult,hard,tricky,dimcult,difcult,impossible difflcult,easy
difficult Virtually_impossible tough,problematic,notoriously _difficult

deter dissuade encourage,inhibit,preventprecludehinder stifle prohibit,restrain,impede penalis
discourage ,shy_away,induce protect

rating_downgrade , downgradings,upgrade lower rating_agency,junk_status,fitch,default,
downgrade fitch_rating,moody,underweight,downward_revision,tumble writedowns,fall

knock,stumble,weigh,push,turn,hobble,limp,pullweigh_heavily,propel,lurch,rumble slip,drive,
drag suck

undermine diminish,weaken,steadily_erode hurt,whittle_away,severely dent,exacerbate,
erode curtail,crimp,decimate,reduce constrain,outweigh,erosion

deterioration,steady_erosion,diminution,shrinkage erode appreciation,degradation,weakness,
erosion decline,destruction,weaken,precipitous_drop,intensification,downward_spiralreassessment

aggravate,cause,accentuate,hamper,magnify beset,affect heighten,plague worsen,
exacerbate overshadow trigger,undermine bedevil, hurt
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Table A6. Seed and Related Terms for Negative Sentiment (continued)

vulnerable,susceptible,prone,lay_bare,confine,exploit,hurt,perceive ignore affect,afflict,suffer,
expose confront,cause,induce

worry,concern,anxiety,fret,suspicion,fearful speculation,hope,doubt jitter,warn,anger,
fear CON_Cerns,concems,nervousness

threaten,orce troop,orces,persuade,army,oblige,urge civilian,reluctant threat,rearm,unilaterally,
force yugoslav_army,military

vulnerability,precariousness,resilience,robustness, frailty,sluggishness,strength,solidity,
fragility parlous_state weakness,inadequacy,buoyancy,centrality,cyclicality,interconnectedness

downbeat bleak,pessimistic,upbeat,grim,bullish,rosy,optimistic bearish,glum,sanguine,sombre,
gloomy dismal,gloomy_outlook,mistic

affect,adversely_affect,hamper,exacerbate,undermine,hobble,crimp,erodehit,aggravate,
hurt hinder,harm,cripple,dent,decimate

risky,mispriced,highly_leverage liquid,cdos,illiquidity,opaque securitised,cdo,synthetic_cdo,
illiquid volatile sivs,synthetic_cdos,overpriced,abcp

impairment_charge,writedown,write_offs,writedowns,goodwill_impairment,writeoff,

writeoffs,unrealise_loss,npls,delinquency,loss,contingent_liability,unrealise_gain,

impairment intangible_asset,exceptional_item
unwillingness, failure abilityreluctance willingness,apparent_ inability,determination,desire,
inability refusal,eagerness,attempt,unable effort,readiness,uncanny_ability
endanger,imperil,undermine,hinder,impede,derail, hamperfatally_undermine,stymie,
jeopardise severely _hamper,adversely_affect,impair,disrupt,stifle,scupper
lose regain,shed,slip,win,drop,disappear,earn,climb,gain,recover fall,miss,claw_back,cede,destroy

positive bearish,adverse,unfavourable benign,bullish,weak,favourable unfavorable,contraction
negative ary,downbeat,volatile adversely,short_term,gloomy

face,confront,beset,create,exacerbate,solve aggravate tackle sidestep,sacing,overcome,cause
pose provoke expose,magnify

ques_tions,ques_tion,doubt,thorny_question,dilemma,unanswered_question,query,debate,
question conundrum,concern,thorny_issue,vex_question,disagreement,quandary,inquire

ramification,implication,consequence ripple_effect,impact,reverberation,spillover_effect,

adverse_consequence fallout,adverse_impact,adverse_effect,dire_consequence,

repercussion collateral_damage aftershocks,effect

illiquid,risk_averse,unattractive highly_leverage problematic,distress,safe,opportunistic,
risky highrisk,expensive,volatile,plain_vanilla,toxic,costly,attractive

severe greatly,badly,irreparably,grievously,hamstring,cripple,severely _affect,drastically,
severely gravely,severely_damage exacerbate,irretrievably,aggravate,massively

surplus,deficit,loss,gap,deficiency,discrepancy,shortage,outflow,deterioration,outlay,
shortfall cutbackblack_hole,imbalance,overspend,downward_revision

downward_spiral,escalate,vicious_cycle,uncontrollable balloon,deflationary_spiral,creep,
uncontrolled,skyrocket,runaway,vicious_spiral.,excessive,deflation,hyper_inflation,

spiral inflationary_spiral
constraint,downward_pressure,downturn,recession,crunch,strain,suck,downward_spiral,
squeeze drain,upward_pressure spiral,slump,drag,flatten,intense_competition

stagnant,sluggish,decelerate falter stagnation,shrink,anaemic slow,slacken,flatlining,depress,
stagnate slump,deteriorate lag_behind,stabilise
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Table A6. Seed and Related Terms for Negative Sentiment (concluded)

strain

stress

struggle

suffer
threaten

turbulent

unable

undermine

unease

unexpectedly

vulnerable

weakness

worsen

writedowns

severe_strain,pressure,upward_pressure constraint,downward_pressure,pres_sure,burden,
ressure tension,pres-_sure squeeze difficulty,fragility,instability,presure

emphasise acknowledge,insist,concede argue,admit,say,suggest,believe warn,indicate,
conclude,reject_suggestion,recognise,acutely _aware

scramble,try,unable battle strive,uphill_struggle,uphill_battle attempt,eager.fail fight,difficult,
grapple,anxious,flounder

susfered,susfering,susser,afflict,hurt,hit,recover,benesited,susfers,reel,plague bounce_back,
face,inflict,endure

imperil,cripple endanger disrupt,undermine severely _damage jeopardise,paralyse,decimate,
destabilise avert,force threat,vow,fear
tumultuoustorrid,stormy,traumatic eventful tempestuous,rocky,miserable choppy,
relative_calm,volatile febrile perilous,roller_coaster tumult

able,unwilling,reluctant,fail oblige loath,try,unlikely,refuse,inability,struggle eager,impossible,
anxious,virtually_impossible

jeopardise,erode,hinder reinforce,bolster,namper,imperil stifle,impede,fatally_undermine,
endanger,stymie,destabilise,underpin,exacerbate

disquiet,anxiety,nervousness,unhappiness,uneasiness,wariness,apprehension,dissatisfaction,
scepticism,frustration,misgiving,discontent,irritation,anger,concern

thanexpected,unusually surprisingly,unexpected,noticeably,exceptionally,after,
unprecedentedly,alarmingly,persistently,sharply,firstquarter,month_onmonth,unspectacular,
quarterly

susceptible expose,prone resistant,heavily_expose likely,resilient,problematic,sensitive,fragile
immune,unstable,unattractive unlikely,impervious

strength,sluggishness,deterioration,softness,slowdown,weaken,buoyancy,malaise resilience,
overvaluation,fragility,underperformance firmness,weakturbulence
deteriorate,aggravate exacerbate deterioration,weaken,deepen,dire,depress,
rapid_deterioration,sharp_deterioration,severe, heighten,intensify,stabilise,improve

writedown,write_offs,impairment_charge,impairment,writeoffs,unrealise_loss,loss,writeoff,
markdowns,subprime,redemptions,capital_raisings,rating_downgrade,divestments,
goodwill_impairment
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Fear Sentiment
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Hedging Sentiment
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Crisis Sentiment
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Negative Sentiment +
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Appendix 3. Time Series
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—— Positive sentiment »  Early Warning Signal (EWS) B Crss window (Start - Peak)
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Appendix 4. All Metrics for All Countries and All Indices

Table A1. Results for Specific Sentiment

Fear Sentiment Risk Sentiment Hedging Sentiment on Sentiment Crisis Sentiment Average Recall Precision F2 score

recall precision fscore recall precision fscore recall precision fscore recall precision fscore recall precision fscore recall precision fscore min - max min  max min  max
Argentina  0.67 031 054 067 044 061 067 044 061 083 050 074 067 031 054 070 040 0.61 0.67 0.83 0.31 0.50 054 074
Bolivia 100 017 050 100 028 066 100 006 025 100 036 074 100 012 040 100 020 051 1.00 1.00 0.06 0.36 025 074
Brazil 100 050 083 086 046 073 089 067 083 100 039 076 088 044 073 092 049 0.78 0.86 1.00 0.39 0.67 073 0.83
Chile 000 000 0.0 000 000 0.00 000 000 0.0 000 000 0.0 000 000 0.0 0.00 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Colombia  0.00 000  0.00 100 009 033 100 013 042 100 020 056 100 006 025 080 010 0.31 0.00 1.00 0.00 0.20 0.00 0.56
Denmark  0.00 000  0.00 100 017 050 000 000 0.0 100 008 029 100 018 053 060 0.09 0.26 0.00 1.00 0.00 0.18 0.00 053
Finland 100 029 068 100 015 047 100 025 063 100 028 066 100 042 078 100 028 0.64 1.00 1.00 0.15 0.42 0.47 078
Indonesia  1.00 011  0.38 100 021 058 000 000 0.00 000 000 0.0 100 006 025 060 008 024 0.00 1.00 0.00 0.21 0.00 058
Israel 100 013 042 100 010 036 100 011 038 100 011 038 100 017 050 100 012 041 1.00 1.00 0.10 0.17 036 0.50
Malaysia ~ 0.00 0.00  0.00 100 007 028 000 000 0.00 000 000 0.00 100 005 0.20 040 0.02 0.10 0.00 1.00 0.00 0.07 0.00 0.28
Mexico 100 033 071 100 040 077 100 038 075 100 040 077 100 058 0.88 100 042 078 1.00 1.00 0.33 0.58 071 0.88
Norway 100 008 029 100 025 0.63 100 017 050 100 021 058 100 014 045 100 017 049 1.00 1.00 0.08 0.25 029 0.63
Peru 100 013 043 100 017 050 1.00 008 031 100 014 045 100 005 020 1.00 011 038 1.00 1.00 0.05 0.17 0.20 0.50
Philippines  0.00  0.00  0.00 000 000 0.0 000 000 0.0 000 000 0.0 000 000 0.0 0.00 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Spain 000 000 0.0 000 000  0.00 000 000  0.00 000 000  0.00 000 000 0.0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Sweden 100 021 057 100 021 057 100 030 068 100 030 0.68 100 050 0.83 100 030 067 1.00 1.00 0.21 0.50 057 0.83
Thailand 050 014 033 050 006 020 067 025 050 075 018 045 067 011 032 062 015 0.36 050 0.75 0.06 0.25 020 050
Turkey 100 036 074 100 038 076 100 071 093 100 033 071 100 011 037 100 038 0.70 1.00 1.00 011 0.71 037 0.93
Uruguay 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Venezuela 100 011 038 000 000 0.0 100 025 063 100 009 033 000 000 0.0 060 009 0.27 0.00 1.00 0.00 0.25 0.00 0.63
Aggregate  0.79 0.15 0.43 0.83 0.18 0.48 0.78 0.19 0.49 0.86 0.19 0.51 0.85 0.16 0.46 082 018 047 0.78 0.86 0.15 0.19 0.43 051
Average 0.61 0.14 0.34 0.70 0.17 0.40 0.61 0.19 0.37 0.68 0.18 0.41 0.71 0.16 0.36 066 017 0.38 0.50 0.78 0.09 0.27 0.23 0.52
Min 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Max 1.00 0.50 0.83 1.00 0.46 0.77 1.00 0.71 0.93 1.00 0.50 0.77 1.00 0.58 0.88 1.00 049 0.78 1.00 1.00 0.39 0.71 0.73 0.93

St. Dev. 0.48 0.15 0.29 0.44 0.16 0.28 0.47 0.22 0.32 0.46 0.16 0.31 0.43 0.18 0.29 039 016 027 0.48 0.40 0.12 0.22 0.26  0.31
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Table A2. Results for General Sentiment

All sentiment

negative_sentiment positive_sentiment (W/o pos & neg) Negative sentiment + All sentiment Average Recall Precision F2 score

recall precision fscore recall precision fscore recall precision fscore recall precision fscore recall precision fscore recall precision fscore min  max min  max min  max
Argentina 060 033 052 071 050 0.66 067 044 061 060 033 052 060 033 052 064 039 056 0.60 0.71 0.33 0.50 052 0.66
Bolivia 100 025 0.63 100 025 0.63 100 018 052 100 017 050 100 015 048 100 020 055 1.00 1.00 015 0.25 048 0.63
Brazil 083 042 069 100 067 091 088 058 0.80 088 047 074 100 058 0.88 092 054 080 0.83 1.00 0.42 0.67 0.69 0.91
Chile 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Colombia  1.00 0.13 0.42 1.00 0.13 0.42 1.00 0.14 0.45 1.00 0.13 0.42 1.00 0.17 0.50 1.00 014 044 1.00 1.00 0.13 0.17 0.42 0.50
Denmark  1.00 014 045 100 009 033 000 000 0.00 000 000 0.0 000 000 0.00 040 005 0.16 0.00 1.00 0.00 0.14 0.00 0.45
Finland 100 026 064 100 031  0.69 100 029 0.68 100 026 064 100 028  0.66 1.00 0.28 0.66 1.00 1.00 0.26 0.31 0.64 0.69
Indonesia .00 020 056 100 029 067 000 000 0.00 100 017 050 100 033 071 080 020 049 0.00 1.00 0.00 0.33 0.00 071
Israel 100 029 067 100 022 059 100 029  0.67 100 025 063 100 029  0.67 100 027 0.64 1.00 1.00 0.22 0.29 059 0.67
Malaysia ~ 1.00 008  0.29 000 000 0.0 000 000 000 000 000 0.0 000 000 0.00 020 002 0.06 0.00 1.00 0.00 0.08 0.00 0.29
Mexico 100 050 0.83 100 029 067 100 038 075 100 056 0.86 100 056 0.86 100 045 0.79 1.00 1.00 0.29 0.56 0.67 0.86
Norway 100 006 025 100 013 042 100 017 050 100 015 048 100 015 048 100 013 042 1.00 1.00 0.06 0.17 025 050
Peru 100 013 043 100 015 048 100 017 050 100 017 050 100 015 048 100 015 048 1.00 1.00 013 0.17 043 050
Philippines  0.00  0.00  0.00 000 000 0.0 000 000 0.0 000 000 0.0 000 000 0.0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Spain 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Sweden 100 033 071 100 031  0.69 100 029 067 100 025 063 100 025 063 100 029 0.67 1.00 1.00 025 0.33 063 0.71
Thailand 075 019 047 067 018 043 075 027 056 067 020 045 080 033 0.63 073 024 051 0.67 0.80 0.18 0.33 043 0.63
Turkey 100 056 086 100 067 091 100 057 087 100 100  1.00 100 100  1.00 100 076 093 1.00 1.00 0.56 1.00 0.86 1.00
Uruguay  0.00  0.00  0.00 000 000 0.00 000 000 0.00 0.00 0.00 0.00 0.00 000 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Venezuela 0.00  0.00  0.00 000 000 0.00 000 000 0.00 000 000 0.00 000 000 0.00 0.00 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Aggregate  0.83 020  0.51 083 022 054 078 020 049 079 021 050 081 023 054 081 021 052 0.78 0.83 0.20 0.23 049 054
Awverage 071 019 042 067 021 042 056 019 038 061 022 039 062 024 042 063 020 041 056 0.73 0.15 0.26 033 0.49
Min 000 000 0.00 000 000 0.0 000 000 000 000 000 0.0 000 000 000 000 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Max 1.00 0.56 0.86 1.00 0.67 0.91 1.00 0.58 0.87 1.00 1.00 1.00 1.00 1.00 1.00 1.00 076 0.93 1.00 1.00 0.56 1.00 0.86 100

St. Dev. 0.43 0.17 0.29 0.46 0.21 0.32 0.48 0.20 0.33 0.47 0.25 0.33 0.48 0.26 0.35 043 021 031 0.48 0.44 0.16 0.26 0.30 0.33
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Table A3. All Metrics for all Topic Indices for All Countries

Investment Regulatory FinalcialAnalysis RealEstate Average Recall Precision F2 score

recall precision fscore recall precision fscore recall precision fscore recall precision fscore recall precision fscore min - max min  max min  max
Argentina 075 067 073 088 050 0.76 089 073 085 050 050 0.50 0.74 054 068 0.50 0.89 0.31 0.73 0.50 0.85
Bolivia 100 010 0.36 100 025 063 100 013 042 100 017 050 100 017 049 1.00 1.00 0.10 0.25 0.36 0.63
Brazil 100 050 083 100 057 087 100 071 093 100 1.00 1.00 100 065 089 1.00 1.00 0.47 1.00 0.82 1.00
Chile 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Colombia 100 011 038 100 011 038 100 011 038 0.00 0.00 0.00 0.80 009 0.30 0.00 1.00 0.00 0.11 0.00 0.38
Denmark 100 025 0.63 100 018 053 100 018 0.53 100 014 045 100 018 052 1.00 1.00 0.14 0.25 0.45 0.63
Finland 100 025 0.63 100 024 061 100 036 074 100 018 052 100 023 059 1.00 1.00 0.15 0.36 0.48 0.74
Indonesia 0.00 0.00 0.00 100 020 056 0.00 0.00 0.00 100 014 045 0.60 009 0.28 0.00 1.00 0.00 0.20 0.00 0.56
Israel 0.00 0.00 0.00 0.00 0.00 0.00 100 009 033 100 014 045 0.60 006 021 0.00 1.00 0.00 0.14 0.00 0.45
Malaysia 100 013 042 100 010 0.36 0.00 0.00 0.00 100 010 0.36 0.80 009 0.30 0.00 1.00 0.00 0.13 0.00 0.42
Mexico 0.67 0.33 0.56 0.75 0.38 0.63 0.75 0.60 0.71 0.50 0.17 0.36 0.63 0.33 0.52 0.50 0.75 0.17 0.60 0.36 0.71
Norway 100 017 050 100 022 059 0.00 0.00 0.00 100 011 038 0.80 014 040 0.00 1.00 0.00 0.22 0.00 0.59
Peru 1.00 0.17 0.50 1.00 0.14 0.45 1.00 0.15 0.48 1.00 0.20 0.56 1.00 0.16 0.49 1.00 1.00 0.14 0.20 0.45 0.56
Philippines ~ 0.00  0.00  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Spain 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Sweden 100 031 0.69 100 035 073 100 033 071 100 043 079 100 033 071 1.00 1.00 0.23 0.43 0.60 0.79
Thailand 0.50 0.13 0.31 0.50 0.09 0.26 0.00 0.00 0.00 0.67 0.22 0.48 0.43 0.11 0.27 0.00 0.67 0.00 0.22 0.00 0.48
Turkey 100 071 093 1.00 044 0.80 100 025 063 100 033 071 100 042 076 1.00 1.00 0.25 0.71 0.63 0.93
Uruguay 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Venezuela 000 0.00 0.00 0.00 0.00 0.00 100 020 056 0.00 0.00 0.00 040 007 019 0.00 1.00 0.00 0.20 0.00 0.56
Aggregate 0.78 0.19 0.49 0.84 0.21 0.53 0.79 0.20 0.50 0.75 0.18 0.46 0.80 0.19 0.48 0.75 0.84 0.16 0.21 0.45 0.53
Average 0.60 0.19 0.37 0.66 0.19 0.41 0.58 0.19 0.36 0.63 0.19 0.38 0.64 0.18 0.38 0.40 0.77 0.10 0.29 0.23 0.51
Min 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Max 1.00 0.71 0.93 1.00 0.57 0.87 1.00 0.73 0.93 1.00 1.00 1.00 1.00 0.65 0.89 1.00 1.00 0.47 1.00 0.82 1.00

St. Dev. 047 022 032 046 018 031 049 024 034 045 024 029 038 018 027 0.48 0.40 0.13 0.28 0.28 0.31
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Figure A1. Crises and Signals from the Regulation Topic Index
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