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A B S T R A C T

The work by Baker et al. (2016), who propose a dictionary based method and estimate the level of economic
policy uncertainty (EPU) based on the occurrence of specific terms in ten leading newspapers in the USA, is
among the first ones to detect the potential of text data in economic research. Following this line of research,
this paper proposes automated approaches to construction of EPU indices for different countries based on
newspapers’ texts. Multilingual fastText word embeddings, (S)BERT embeddings, and a novel multilingual
topic modeling approach are used to construct EPU indices for Germany, Russia, and Ukraine. It is shown that
constructed EPU indices based on multilingual word embeddings are Granger causal to the economic activity
in all of the considered countries.
1. Introduction

The work by Baker et al. (2016) is among the first ones to detect
the potential of text data in economic research. Although dictionary
based methods as in Baker et al. (2016) are widely used due to their
simplicity and interpretability, recent advances in NLP offer many
further possibilities to gain insights from text data. New approaches
include the use of topic models such as Latent Dirichlet Allocation
(LDA). Azqueta-Gavaldón (2017) proposes an LDA based procedure to
build an uncertainty index that strongly resembles the index introduced
by Baker et al. (2016) (BBD) index. The proposed EPU index is the
aggregated time series based on the time series of the identified EPU
related topics.

Some of them also make use of word embeddings, for example, to
extend the EPU related term set as proposed by Ghirelli et al. (2019)
for the case of Spain. The authors show that an unexpected shock
in their modified EPU index leads to a significant decline in GDP,
private consumption, and investments. Algaba et al. (2020) follow this
approach and construct an EPU index for Belgium using GloVe word
embeddings (Pennington et al., 2014). It has been shown that the
constructed index negatively correlates (−0.62) with Consumer Con-
fidence Indicator (CCI). Xie (2020) proposes a fully automated method
to build an uncertainty index. The author applies the Wasserstein Index
Generation model and uses word vectors to represent the analyzed text
units in a vector space.

These examples show that word embeddings might have a consider-
able impact on future applications and methods in economic literature.
In contrast to other methods, word embeddings are able to capture the

E-mail address: Viktoriia.Naboka@wirtschaft.uni-giessen.de.
1 fastText is a free library for text classification and representation learning.

semantic and syntactic characteristics of words, which is very useful
in numerous cases. The current work is dedicated to examination of
word and text representations in context of EPU measurement and
contributes to the growing area of text-as-data applications in eco-
nomics, particularly uncertainty measurement, in several ways. First,
it proposes several approaches to construction of EPU indices in the
multilingual setting without any supervision. Second, it applies a novel
zero-shot topic modeling approach that allows to train a topic model in
one language and to predict topic distributions for documents in unseen
languages. Third, the resulting uncertainty indices are evaluated with
regard to their impact on economic activity in selected countries.

2. Text representation techniques

Multilingual word embeddings are word vectors in multiple lan-
guages that are embedded in a shared vector space. These representa-
tions are characterized by the interpretability of the distances between
them in different languages, meaning that similar words are closer
to each other in the shared vector space. Several approaches have
been proposed to train such multilingual word embeddings. One of
the widely used approaches is the mapping based approach that relies
on so-called off-the-shelf lexicons. Freely available multilingual fast-
Text1 word representations were also learned following the mapping
based approach proposed by Joulin et al. (2018) (bilingual mapping)
and Grave et al. (2018) (multilingual mapping by defining a pivot
language).
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A great breakthrough in and a major contribution to the field
of language model learning has been made with the publication of
the work by Devlin et al. (2019). The authors present their novel
approach to text representations BERT which differs substantially from
existing models. BERT stands for Bidirectional Encoder Representations
from Transformers and consists of a multi-layer Transformer encoder.
BERT became the state-of-the-art in many NLP tasks. However, to
overcome some capacity and time issues, Sentence BERT (SBERT) was
introduced that was fine-tuned for semantic similarity search (Reimers
and Gurevych, 2019).

Probabilistic topic modeling approaches are one further well-known
and widely used tool for extracting and analyzing latent themes be-
hind the underlying unstructured text data in different areas. Bianchi
et al. (2021) introduce a novel approach to topic modeling for the
multilingual setting. Multilingual contextualized topic modeling al-
lows to train a topic model in one model and to infer topic distribu-
tions for documents in unseen languages just relying on their SBERT
representations.

Further details on methods used in this paper are provided in Ap-
pendix A.

3. Data

For the empirical analysis, three datasets of news articles in three
different languages are used: DER SPIEGEL for Germany, Lenta.ru for
Russia, and UNIAN for Ukraine. The following preprocessing steps were
taken: removing punctuation, numbers, special characters, stopwords
and lowercase. The final datasets contain 833,454 articles in the period
from January 2000 to September 2020 for Germany, 864,481 articles
in the period from September 1999 to September 2020 for Russia, and
785,750 articles in the period from January 2007 to September 2020
for Ukraine. Economic activity is measured by industrial production
index, which is often used in academic literature as a high-frequency
indicator of a country’s economic activity.

4. Construction of uncertainty indices

Overall, four different approaches are proposed to identify articles
related to uncertainty in economic policy. The first approach is a dic-
tionary based one, which uses fastText multilingual word embeddings
to either identify three term sets referring to the three components
of the EPU concept (later referred to as 𝑑𝑖𝑐1) or one combined term
set that should describe the EPU concept as a whole (later referred to
as 𝑑𝑖𝑐2). While the former method searches for nearest neighbors to
the three terms economic, policy, and uncertainty, the latter makes use
f the additive feature of the word vectors and searches for nearest
eighbors to the compound word vector economic + policy + uncertainty.
he similarity of the word vectors is measured by cosine similarity.2
he number of relevant words is controlled for automatically based on
threshold, namely the 99.99% percentile of all the cosine similarity

alues between a certain word in one language (e.g. English word ‘‘pol-
cy’’) and all the word vectors available in other language (e.g. German)
s shown in Fig. 1. The identified EPU related terms are presented
n Appendix A.

The second approach considers the articles as Bag-of-Words and
epresents them as the sum of the constituent words vectors, which
esults in aggregated document embeddings (later referred to as 𝑎𝑟𝑡_𝑒𝑚𝑏

approach). The third approach applies Transformer based text em-
beddings to identify articles that relate to EPU (later referred to as

2 Cosine similarity is defined as the cosine of the angle between two vectors.
he values range from 0 to 1. A cosine similarity value of 1 means that the
ectors are pointing in the same direction.
2

l

Fig. 1. Cosine Similarity Values between policy and all German words.

𝑎𝑟𝑡_𝑠𝑏𝑒𝑟𝑡).3 Finally, a novel language agnostic topic modeling technique
called zero-shot cross-lingual topic modeling is applied. Thereby, a
topic model was trained based on German SBERT embeddings of ar-
ticles and the topic distributions for Russian and Ukrainian articles
were then also inferred based on SBERT embeddings of articles. EPU
related topics have been identified using the embeddings of the most
frequent topic words. In the following, this approach is referred to
as 𝑀𝐶𝑇𝑀_{𝑘}_𝑇 𝑜𝑝𝑖𝑐. 𝑘 can stand for the topic number/label of a
topic that is identified as an EPU related topic or have the designation
𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑, if the average topic frequency of all the EPU related topics
is used. Overall, 10 different EPU time series are provided for each
country.

5. Results

5.1. EPU indices

This section presents the constructed indices. All the indices were
normalized to have a mean of 100 and a variance of 1.

Fig. 2 shows the indices resulting from the 𝑑𝑖𝑐1 and 𝑑𝑖𝑐2 ap-
proaches. In Germany, the peaks correspond with such events as the
September 11 attacks, economic crisis in Germany, global financial
crisis, and Corona virus outbreak. The spikes of the EPU in Russia
between 2004 and 2005 as well as in the period from 2014 and 2018
could be explained by the Orange Revolution in neighboring Ukraine
and the Russia–Ukraine gas disputes, and by the Crimean crisis and
the War in Donbass, respectively. Surprisingly, both of the constructed
EPU indices for Ukraine show a downward trend. Some peaks can be
identified at the beginning of 2007 (political crisis in Ukraine), in 2008-
09 (global financial crisis), 2014 (beginning of the Crimean crisis and
the War in Donbass), and at the beginning of 2019 (presidential and
parliamentary elections). The Corona virus outbreak, instead, seems to
have caused a relatively small increase in the uncertainty index. As
this approach largely relates to that proposed by Baker et al. (2016),
further analyses between the constructed indices and the available
indices by Baker et al. (2016) (BBD indices) have been carried out
(see Appendix A).

Figs. 3 and 4 show the 𝑎𝑟𝑡_𝑒𝑚𝑑 and 𝑎𝑟𝑡_𝑠𝑏𝑒𝑟𝑡 indices for all three
countries, respectively. There are some noticeable differences between

3 To train SBERT articles’ embeddings, a pre-trained distiluse-base-
ultilingual-cased-v2 model was used. Thereby, Python’s implemen-

ation of Sentence BERT (SBERT), namely Sentence-Transformers, was used to
oad and apply the model.
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Fig. 2. 𝑑𝑖𝑐1 and 𝑑𝑖𝑐2 EPU Indices.

Fig. 3. 𝑎𝑟𝑡_𝑒𝑚𝑑 EPU Indices.
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Fig. 4. 𝑎𝑟𝑡_𝑠𝑏𝑒𝑟𝑡 EPU Indices.
Fig. 5. MCTM with 40 Topics: EPU Related Topics.
the two, as for example, stronger interdependencies between Russia and
Ukraine according to the 𝑎𝑟𝑡_𝑠𝑏𝑒𝑟𝑡 approach.

Finally, based on the results of the multilingual topic modeling
five EPU related topics are identified in the current application. These
are presented in Fig. 5. Based on the qualitative assessment of the
most common words of the topics, these were assigned the follow-
ing labels: government, stock market, political parties,
elections, U.S. political leaders. The values in brackets
represent the cosine similarity values to the EPU embedding. The cor-
responding time series for each country as well as additional robustness
checks using U.S. data are presented in Appendix A.

5.2. VAR models

All the constructed EPU indices are tested within VAR models
with regard to their impact on the economic activity of the countries.
The economic activity is measured by the industrial production index,
which is often used in academic literature as a high-frequency indicator
4

of a country’s economic activity (Baker et al., 2016; Perić and Sorić,
2018; Čižmešija et al., 2017).4

For each country, 10 two-dimensional VAR models with seasonal
dummies were estimated, each including one of the constructed EPU
indices and the corresponding industrial production index.5

Granger causality
The first set of analysis is dedicated to Granger causality tests,

especially the null hypothesis ‘‘EPU does not Granger cause Industrial
Production Index’’. According to Granger causality tests, the following
EPU indices led to significant results at least in one country: 𝑑𝑖𝑐1
(Ukraine), 𝑑𝑖𝑐2 (all countries), 𝑎𝑟𝑡_𝑒𝑚𝑏 (Germany, Ukraine), 𝑎𝑟𝑡_𝑠𝑏𝑒𝑟𝑡

4 The data for the analyses come from State Statistics Service of the
considered countries.

5 According to the performed stationarity tests, all the variables needed
to be transformed to become stationary. For this reason, the first log differ-
ences of all the variables were calculated and used in all estimated Vector
Autoregressive (VAR) models.
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Fig. 6. IRFs: 𝑑𝑖𝑐2 EPU Index →Industrial Production Index.
(Germany), 𝑀𝐶𝑇𝑀_𝑠𝑡𝑜𝑐𝑘_𝑚𝑎𝑟𝑘𝑒𝑡_𝑇 𝑜𝑝𝑖𝑐 (all countries).6 The results of
Granger causality test are summarized in Appendix A.

Impulse response functions
A close look is taken on the 𝑑𝑖𝑐2 EPU index, as this index has

proved to be Granger causal to economic activity in all the considered
countries. Fig. 6 illustrates the responses of the industrial production
indices to an 𝑑𝑖𝑐2 EPU indices shock in all considered countries. The
shaded areas represent the 95% confidence bands. Thereby, the orthog-
onal impulse responses are considered meaning that contemporaneous
effects are allowed. It can be inferred from the figure that one standard
deviation shock in EPU leads to a significant drop of 0.1 and 0.44
percentage points in the industrial production index after one month
in Germany and Russia, respectively. While in Germany there is only a
short-term impact of the EPU shock on the industrial production, there
is also a long-term significant negative impact of the EPU shock on the
industrial production index (about 0.3 percentage points) in Russia. The
pattern of the Impulse Response Function (IRF) in Ukraine is similar but
not significant over the entire period.

6 Results were considered significant if 𝑝-value is smaller than 10%.
5

6. Conclusions

One of the key finding of the current work is that the dictionary
based approach in combination with multilingual word embeddings
results in indices that are Granger causal to the economic activity in
all of the considered countries. Further, to the best of my knowledge,
the current paper is the first to apply a novel language agnostic topic
modeling technique introduced by Bianchi et al. (2021) in economic
context. One of the identified EPU related topics has proved to Granger
cause the economic activity in all of the considered countries. This
is one promising finding as the topic modeling approach by Bianchi
et al. (2021) allows to predict topic distributions for texts in unseen
languages just based on SBERT embeddings without renewed training
of the model. Finally, it has been also shown that a sudden shock in
the constructed EPU indices leads to significant short-term and/or long-
term declines in industrial production. This finding indicates that the
constructed EPU indices could be used as high frequency indicators of
economic activity.

Data availability
Data will be made available on request.
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