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ABSTRACT

The dynamically developing contemporary world and continuous rapid expansion
of incoming information predetermines the steadily growing interest in economic studies,
which are based on a massive set of unstructured information. It is obvious that the
amount of this information is many times that of structured data that economists are more
at home with and presents more difficulties from the perspective of technical processing.
This, however, opens a radically new range of opportunities to researchers.

With economists paying greater attention to the analysis and processing of un-
structured information, scientific interest is rising in the analysis of all kinds of documents
using computer text processing.

Building on the earlier published methodology of constructing Russia’s index of
economic activity based on the texts of economic news, we attempt to briefly outline the
key features of text mining analysis , as well as to provide an answer to the question re-
garding the scope of potential practical application of this index.

The analysis that we have conducted has shown that news stories from internet
sources are capable of predicting key short-term business activity trends quite accurately.
Moreover, the news index can be regarded as a meaningful and self-sufficient indicator of
the economy’s condition, which can promptly capture useful information that official statis-
tics and survey data fail to provide. The proposed methodology of constructing the news
index can also be used to develop other analytical indicators instrumental in analyzing the
current economic situation and, among other things, be useful for a central bank to con-
duct monetary policy.

Text analysis is gaining increasing popularity in scientific and professional communi-
ties. The rationale for this is that all kinds of information on facts, observations, and de-
velopments is mainly provided in an unstructured form.* Based on some studies, compa-
nies keep about 80%—90% of information they have in an unstructured form, and the
body of this information is rapidly expanding.?

Amid these developments, scientific interest is growing with respect to analyzing a
great variety of textual documents using computer text processing, which has lately pro-
duced a large number of studies in this area. For example, in marketing, customers’ tex-
tual comments are studied. In the financial area, texts from financial news and social me-
dia are used to forecast asset price movements. In macroeconomics, texts are analyzed
to forecast the fluctuations of inflation, economic growth, and unemployment. That said,
text mining in the economic area is a field which leaves ample room for further research.

Text mining allows handling a large variety of tasks, including classification, clusteri-
zation, extraction of opinions and facts, construction of expert and question-answer sys-
tems, keyword searching, etc. Economists may find additional information from unstruc-
tured bodies of data useful for studying the properties of various economic indicators and

! Unstructured information is information which does not have a predetermined data structure or is not organized in line
with established procedure.

2 Kambies T., Roma P. Dark analytics: illuminating opportunities hidden within unstructured data. Tech Trends 2017.
URL: https://www?2.deloitte.com/insights/us/en/focus/tech-trends/2017/dark-data-analyzing-unstructured-data.html (aa-
Ta obpaweHns — 02.10.2018).
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phenomena in more depth, as well as forecasting these. Detailed analysis is also im-
portant to central banks and their monetary policy (Bholat D., Hansen S., 2015).

Many countries’ central banks have already introduced text mining methods in their
research. The main sources of this research are news stories, social media, various re-
ports, statements by officials, and other information.

Specific recent examples include the Bank of England, which has used text mining
to reveal the labor market's heterogeneity and its impact on output and productivity. In
particular, in one of recent studies, Turrell A. and Speigner B., (2018) used online vacan-
cies taken from a job search engine and estimated to what extent output and labor
productivity would rise if mismatches between supply and demand across occupations
and regions were to be eliminated. The Bank of Canada conducted a study to see how
the regulator’s official statements affected changes in yields and volatility of short- and
long-term interest rates (Hendry S., Madeley A., 2010). Some economic studies dealing
with text mining offer models for nowcasting various economic indicators. These studies
primarily contributed to an improvement in the quality of short-term estimates and fore-
casts of observable macroeconomic indicators using news sources (Ardia D., Bluteau K.,
2017; Doms M., Morin N., 2004; Nyman R., Ormerod P., 2014; Shapiro A., Sudhoh M.,
2017; Bloom N., Baker S., Davis S., 2016). For example, using texts from daily business
newspapers, the Bank of Norway constructed a business cycle index which on a daily
basis assesses GDP performance for a given quarter (Thorsrud A., 2016).

As a matter of fact, one almost every week or so may come across research publi-
cations or at least references to the results of text mining in analytical reports of both re-
search institutions and central banks.

The text mining model proposed in our study® allows obtaining on a daily basis an
estimate of the monthly composite business activity index (PMI?) using economic news
stories. Moreover, the construction of high-frequency (daily) index can, based on short-
term data, timely monitor important trends calling for a prompt policy response.

Textual information we used was daily economic news. News stories were chosen
because they reflect all developments within the country and abroad, affecting the senti-
ment and behavior of economic agents taking economic decisions.

The key criteria for choosing a news source were:

1. news is supposed to be concerned with economic issues;

2. a large body of news data should be available on the internet covering a suffi-
ciently long period (at least 3—4 years);

3. web scraping® should be simple, i.e. information should be easy and fast to ex-
tract from the website.

% For more details see Yakovleva K. (2017) Text mining-based estimation of economic activity // Bank of Russia Work-
ing Paper Series, No 25.

Purchasing Managers Index is a macroeconomic indicator of business activity in the manufacturing and services sec-
tors calculated based on managers’ surveys.

®> Web scraping is a technology of extracting data from websites.
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Given the above criteria, we chose news resource vestifinance.ru solely devoted to
economic developments in Russia and abroad. We should make a point that this study
could be further developed by, among other things, increasing the number of new
sources used in text mining.

In the process constructing the Bank of Russia news index, over 60 thousand sto-
ries from the economic news resource for the 2014-2018 period were used. The number
of stories varies from month to month, averaging roughly 1,100 (Figure 1 below). We col-
lected news stories spanning the period from 2014 to present.

Figure 1. The number of news stories per month
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Source: internet media news, Research & Forecasting Department esti-
mates.

News stories are broken down into topics for further analysis. Each of these news
stories reflects one or several topics to a varying degree. To reveal this, topic modeling
was used, enabling all the news stories to be sorted out by topic using computer pro-
cessing.

The baseline topic models are Probabilistic Latent Semantic Analysis (PLSA) and
Latent Dirichlet Allocation (LDA). Each has its advantages and disadvantages, which are,
above all, related to the features of training on historical data and those of linguistic pro-
cessing (Vorontsov, K., 2013). We will not dwell on these methodological aspects in detail
but will only note that at the current stage of the study aiming to construct and analyze
the news index we used LDA as a probabilistic model the most widely used in similar
studies for other countries.

The LDA model produced a list of topics identified in news stories, each represented
by the most characteristic individual words (unigrams) (Blei D., 2003).

The analysis that we conducted showed that the optimal number of topics for all
news data collected was 50. Where there are more topics, they tend to overlap and to be
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duplicated, where there are fewer topics, several tend to be merged into one. We applied
the LDA model to the preprocessed corpus.®

The LDA model produced a list of words (unigrams), relevant to all of the 50 topics.

Figures 2 below presents 100 unigrams for one of the topics. It is not necessary to
scan all the words to understand what topic they refer to. According to Kholodilin K. and
Thomas T. (2017), the first 10 words contain 30% of information about the topic, which is
adequate for fully understanding what about the text is all about. Hence the most con-
spicuous words immediately suggest that the unigrams refer to the fiscal system.

Figure 2. Unigrams in one of the topics identified through
LDA topic modeling
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Source: Internet media news, Research & Forecasting Department estimates

The list of the main topics which we identified using the LDA model is presented in
Table 1 below. Topic 1 includes words such as “bond”, “loan”, “yield”, suggesting the debt
securities market. Words occurring in Topic 2 the most frequently are “dollar”, “ruble”, “the
exchange rate”, indicating a topic dealing with the exchange rate. The model therefore
only indicates keywords (unigrams) based on which we should “name” each of the listed
topics on our own.

e A corpus is a set of textual documents. A preprocessed corpus means that all words that do not make sense from the
perspective of machine learning, such as numbers, punctuation marks and other characters, are eliminated to filter
noise in the documents.
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Table 1
Results of topic modeling for news data
Topic Keywords (unigrams)
Topic 1 Bond, loan, yield, security, amount
Topic 2 Dollar, ruble, exchange rate, euro, currency
Topic 3 Ukraine, Ukrainian, Crimea, Kiev, Hryvna
Topic 4 Fund, investor, asset, financial, investment
Topic 5 Exports, commodity, production, imports, ton
Topic 6 Bank, banking, Sberbank, capital, VTB
Topic 7 Debt, IMF, creditor, support, default
Topic 8 Natural gas, Gazprom, delivery, cubic meter, stream
Topic 9 Deposit, oil field, project, Rosneft, production
Tema 10 Development, project, investment, business, establishment
Topic 11 China, Chinese, People’s Republic of China, yuan, Asia
Topic 12 Source, energy, coal, electricity
Topic 13 USA, Trump, American, Obama, state
Topic 14 Qil, price, barrel, oil production, OPEC
Topic 15 Finance Ministry, budget, revenue, expenditure, deficit
Topic 16 Interest rate, Federal Reserve, policy, bank

Source: Internet media news, Research & Forecasting Department estimates

Among the words referring to the above topics are those whose connotations are so
broad that their specific meaning only emerges in a certain context. This can be seen in
Topic 10, which contains unigram “establishment”. Its connotation is fairly broad and one
can come across it in several topics. But the likelihood of this word appearing in other
topics is much lower, hence the word “establishment” is characteristic of Topic 10 rather
than any other of them.

It is important to note that topics represented in news stories change over time.
Their changes can be interpreted from two perspectives. First, some topics are replaced
by other ones. Second, their intensity changes, reflecting media’s degree of interest in
them.

As for the replacement of some topics by others, economic topics are fairly general
in nature (for example, exchange rate, labor market, inflation, and others) and they there-
fore do not change fast. We will briefly outline this aspect in the final part of the note,
which discusses the results of forecasting business activity in the Russian economy using
the news index. Only intensity, i.e. media’s degree of interest, will change in the topics
under discussion.

To illustrate how intensity can change, we will look at topics The UK, The USA, and
The Exchange Rate relying on a simple calculation of word occurrence frequency in news
stories.

The intensity of the topics drops or rises appreciably over the period from January
2014 to July 2018, depending on a particular time stretch involved. One can see a surge
in the number of news stories for topic The USA (Figure 3), more than doubling because
of the November 2016 presidential election in this country. As regards topic The UK (Fig-
ure 5), it is very well seen in what periods the UK was in the media’s spotlight. June 2016
accounts for the largest number of news stories due to the UK European Union member-
ship referendum held on June 23, 2016.
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Figure 3. Topic USA Figure 4. Topic The Exchange Rate
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Figure 5. Topic The UK
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Meanwhile the effect of news stories on Russia’s economy varies. The UK referen-
dum and rising geopolitical risks are example of news stories within the same topic which
can differ in the strength of their effect on Russia. To take account of this aspect in text
mining, news stories are adjusted for their tone. Specifically, in calculating the news in-
dex, we assigned a value of 1 to a news item if it positively affected Russia and -1 if the
effect was negative.

Topic The Exchange Rate (Figure 4) features unigrams such as “dollar”, “ruble”,
‘exchange rate”, "euro”, “currency”, so this topic will not adequately reflect the move-
ments of a particular currency’s official exchange rate but will provide a general picture of
the situation on the forex market. One can see, for example, that in late 2014 changes in
the number of news stories correlated with the movements in the Bank of Russia’s official
exchange rate of the ruble. The explanation is that ruble depreciation amid the high geo-
political uncertainty and the oil price drop gave rise to a large number of relevant media
publications. The subsequent bouts of ruble weakening as the economy gradually
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adapted to the worsening economic conditions, with economic agents responding to ex-
change rate movements more moderately, received less extensive media coverage

It is important to note however that text classification through unigrams can also be
inaccurate because the same words can have different connotations. We, therefore, em-
phasize the importance of research aiming to use other methods for constructing a topic
model. One example is the use of bigrams, i.e., word combinations comprised of two
words, such as “exchange rate”, “debt security”. But the use of bigrams may in some sit-
uations make this work more difficult AND/OR produce a worse result instead. An attempt
would then be worthwhile to find a compromise model which would allow an accurate in-
terpretation of the text's meaning without making the model more complicated.

Under the procedure used to construct our news index, topics obtained through top-
ic modeling are transformed to time series by means of the method of Principal Compo-
nent Analysis (PCA’). The data conversion mainly seeks to compress it by eliminating its
redundancy while minimizing information losses.

A regression analysis suggests that statistically significant are four principal compo-
nents, whose contribution to the news index is presented in Figure 6 below. The four
principal components explain 83% of the overall variance.

Figure 6. Decomposition of the news in-  Figure 7. Decomposition of the first princi-
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In decomposing the first principal component into topics, which, by definition, ex-
plains the largest share of the variance (up to 40%-50%), one can see that its key drivers
are the words “oil”, “production”, “investment”, and “ exchange rate” (Figure 7). Overall,
the first component’s performance remains positive, which is good from the perspective
of economic activity. In other words, other things equal, the more frequently the above
words, which are the drivers of almost half of the news index, occur in news stories, the
higher our assessment of business activity based on economic news.

! Principal Component Analysis is one of factor analysis methods aiming to present data in reduced dimensionality,
thereby minimizing a loss of information. Its algorithm provides for going from initial data to several new groups in which
data has similar relationships.
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So how useful is the news index constructed in analyzing and forecasting short-term
business activity changes in Russia?

To answer this question, we used all of the 50 topics which the LDA model identified
and attempted to match this database with the observable business activity benchmark —
that of the composite PMI business activity index.? The PMI index was chosen as a crite-
rion of news index quality because of its strong correlation with the key economic indica-
tor, GDP (Figure 8). GDP was not used as a forecasting indicator because GDP data is
published on a quarterly basis, i.e. not often and with a considerable lag. We chose the
period from February 2017 to September 2018 as the reference point, with the rest of the
months (From April 2014 to January 2018) used as the period of training observations.

Figure 8. GDP and composite PMI index in Russia
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Source: Rosstat, HIS Markit.

The results illustrating the accuracy of including data in the composite PMI index
based on the news index constructed are presented graphically in Figure 9 and Figure 10
below.

® The Composite PMI Index is a weighted average of the manufacturing output Index and the services business activity
index. The manufacturing PMI index is based on five key indicators with the following weights: new orders — 0.3; output
— 0.25; employment — 0.2; time of raw materials and supplies deliveries — 0.15; raw materials and supplies inventories —
0.1. The Services PMI Index is calculated by weighing percentages of respondents’ answers with the following weights:
improvement/growth — 1.0; unchanged conditions — 0.5; worsening/decline — 0.0.
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Figure 9. PMI index and News index Figure 10. News index and PMI business
activity index
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The PMI index forecast shows that the text mining-based model has a satisfactory
predictive power. It can be seen that topics which we have identified often capture gen-
eral trends but in some periods may fail to reflect some turning points in economic per-
formance or reflect them not accurately enough.

It should be noted that the news index which we have constructed shows a more
stable performance versus actual PMI index changes: estimates calculated from business
surveys may change from month to month more substantially than the rhetoric of eco-
nomic news, which is not as volatile. As a consequence, we are prepared to see signifi-
cant temporary discrepancies between the movements of the news index and the com-
posite PMI index over a horizon of one to two months. But over slightly longer horizons,
the news index continues to consistently capture trends in changes of overall assessment
of business conditions suggested by the above surveys.

As regards specific assessment of the current business activity level based on eco-
nomic news data, we note that the value of the news index which we have constructed
has stood at around 52 since May 2018. This suggests the maintenance of steady, albeit
moderate, economic growth but indicates the risks of its marginal deceleration in the se-
cond half of 2018. That said, most of the news topics showed a decline in positive dy-
namics. Our estimates suggest that the number of positive news stories decreased,
above all, in topics related to inflation, the debt market, and the banking sector. This de-
cline was, however, largely compensated by a volatility decline in financial markets. This
observation emphasizes the fact that situation normalization in financial markets is an im-
portant stabilizing factor indicative of an improvement in the economic environment. The
Bank of Russia’s Research and Forecasting Department arrived at a similar conclusion in
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May 2016 based on surveys of industrial and agricultural businesses conducted jointly
with the Institute for Economic Policy.’

It should also be noted that the index is at times subject to downward pressure from
the topic related to the USA and geopolitics. We, however, emphasize that, based on our
estimates, the impact of this topic on the news index is temporary and does not have a
sustainable negative effect on our real-time assessment of business activity in the Rus-
sian economy.

It is also noteworthy that we have found several other predictive properties of the
news index. Thus, the index on average shows the highest predictive power in the se-
cond week of a month (Figure 12). One explanation is that managers (based on whose
answers the PMI business activity index is constructed) usually start at the end of the se-
cond — the beginning of the third week of a calendar month. Therefore, the opinions of the
surveyed managers are to a greater extent affected by developments occurring in the
middle of the month.

Figure 11. Index constructed on datarelated Figure 10. Index constructed on data related
to the first week of each month to the second week of each month
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% See Talking Trends (No 6, May 2016). In focus. Companies need various ruble exchange rates: survey
results.
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On average, though, the accuracy of forecasting business activity estimates in a
given month does not show an improvement trend as news is accumulated during each
following week of a month (Figure 15). The body of economic news for a full month cover-
ing a period of one—two weeks after the surveys shows a noticeably worse PMI index
forecasting quality.

Figure 12. Weekly mean absolute errors of the index
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There may be a number of explanations for that. The key ones are in our view as
follows:

1. Managers’ surveys periodicity. It is after the surveys that developments in the
fourth week of a calendar month take place, and, from the perspective of the
PMI index data, they will affect respondents’ assessment of business activity no
earlier than the following calendar month.

2. Rosstat’s short-term statistics are released in the second half of the month.
Comments in economic news stories are published several days after Rosstat’s
monthly economic activity data is released. Under Rosstat’s official schedule,
this data is always released in the second half or even towards the end of the
month. Moreover, for a number of reasons (including methodological ones),
short-term economic statistics traditionally show high volatility: it is often prob-
lematic to identify important trends AND/OR turning points in economic activity
changes on high-frequency data. In economic media, one can come across un-
justifiably negative comments regarding short-term data. For example, a nega-
tive tone can be assigned to a comment on a decline in a given month of a
short-term indicator in year-on-year terms (whereas this may be due to last
year's high base) or in month-on-month terms without seasonal adjustment
(while this decline is in fact part of the usual seasonality of the short-term eco-
nomic activity indicator). More generally, though, it is important that Rosstat’s
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short-term data is released already after the managers’ surveys and is bound to
affect their decisions no earlier than the following survey’s month if this devel-
opment proved to be very important.

3. Specifics of PMI index construction. At a month’s end, economic media often
focus on a limited group of business activity indicators. For example, Rosstat’s
short-term output statistics are often commented on in economic media with a
focus on manufacturing sector output, whereas manufacturing is given a lower
weight than the services sector in surveys on which the PMI index is based.

As a result, the behavior of the news index constructed on a database including the
last week of a month may run counter to the performance of the PMI index. Nevertheless,
the news index properties described above, in our view, mean that the quality criterion of
the analytical indicator which we have constructed should under no circumstances be
confined to the error of forecasting official statistics’ and survey-based indicators, espe-
cially over short horizons. What is important is that the news index, as we have already
pointed out, captures overall trends in economic activity performance but can also be re-
garded as a meaningful independent instrument of business activity assessment that has
potential to serve as an alternative to existing statistical and survey-based indicators or
complement them. A more detailed study of this issue should in our view provide the ba-
sis for further research aiming to develop text mining-based indicators of economic condi-
tions.

*k*

Our analysis suggests that news is in itself capable of sufficiently high-quality de-
scription of developments occurring in an economy. There are undoubtedly news topics
in the index that we will not always be able to accurately interpret. This is due to both the
human factor and the specifics of machine learning methods. Despite the apparent ad-
vantages of text mining techniques, it also has its weak points, which are primarily asso-
ciated with the problems of identifying topics and tones of a textual document and those
of text preprocessing texts, especially with respect to Russian words, whose spelling is
governed by a lot of rules subject to many exceptions.

Given objective methodological difficulties in dealing with unstructured bodies of da-
ta and the ongoing extensive development of text mining techniques, there is certainly
ample room for refining and improving approaches to processing texts as part of econom-
ic analysis and forecasting. As regards practical conclusions for economists, they so far
suggest the need for a balanced and cautious interpretation of text mining results.

The proposed news index produces, already at a first approximation, satisfactory
real-time estimates of business activity in the Russian economy . These estimatescan be
extensively used in central bank practices. But are text mining methods actually capable
of adding a useful component to information about economic conditions contained in offi-
cial statistics? It is difficult at this point to give a conclusive answer to this question, as it
is only further refinement of methods for processing unstructured bodies of data that
could bring us closer to it. Hence it would be more appropriate at the current stage to re-
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gard the news index which we have constructed as a food for thought, a starting point in
a broad complex of economic research dealing with an analysis of large volumes of un-
structured information that the Bank of Russia’splans to carry out in the future..

10.

11.

12.

13.
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