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1. INTRODUCTION 

Are financial prices and transactions predictable? Not according to the Efficient Market 

Hypothesis (EMH, [1]) that models stock markets as random walks, where shocks are 

temporary and largely driven by new and unexpected information. The critical reading of 

EMH, offered by Behavioral Finance [2], suggests instead a certain degree of 

predictability. Investors could be subject to waves of optimism and pessimism, causing 

prices to deviate systematically from their fundamental values ([3]) or may be 

systematically overconfident in the ability to forecast future stock in prices or earnings 

[4]. Recently the geometric increase in digital information (on line journals, dedicated 

blogs, social networks, etc.) made possible to address the predictability of financial 

markets from a different perspective, that of Big Data. Terabits of data on financial 

transactions can be matched to a comparable amount of on line news to dig into the 

mechanism of decision making. The literature relating web mining with financial 

prediction is relatively recent. To the best of our knowledge the first study is due to 

Wysocki [5]. He proved that, between January and August 1998, the Yahoo! posting 

volume related to 50 companies did forecast next day trading volumes. About the 

opposite result, namely internet buzz cannot predict trading volume, is obtained by 

Tumarkin and Whitelaw [6], among others. More recently Preis et al. [7] and Moat et al., 

[8] show that weekly transactions volumes of S&P500 companies are indeed preceded by 

web searches of financial words or Wikipedia views.  

The aim of this paper is to analyse whether information coming from the web has some 

predictive power on the stock market behaviour of a set of systemically important 

European banks. The research questions are: (i) is web buzz able to lead stock behavior? 

(ii) Are stock movements sensitive to the source location of web buzz?  Using the Europe 

Media Monitor (EMM) engine we scrape the World Wide Web between December 2013 

and April 2014, and retrieve the public information related to a set of 10 banks:  

Barclays, BBVA, BNP Paribas, Crédit Agricole, Deutsche Bank, HSBC, Royal Bank of 

Scotland, Santander, Société Générale and Unicredit). Our working hypothesis is that the 

amount and the mood (sentiment) associated to the web buzz can be a proxy of the 

interest a given financial institution is attracting. This interest, in turn, should be linked to 

the stock price of the institution. 
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2. METHODS 

Data: Between Dec. 5
th

 and April 30
th

 2014 we collect daily news coming from electronic 

media sources (obtained via Europe Media Monitor) for 10 systemically important banks. 

Weekends (and non-contracting days) are excluded. For the same period daily data on 

stock prices (open, close, highest, lowest) and volumes exchanged are gathered from 

New York Stock exchange and from various European Stock exchanges (Frankfurt, 

London, Madrid, Milan, Paris). The relationship between stock data and web news is 

analysed via cross-correlation function, Granger causality, rank-sum test, Factor and 

Cluster analysis for each combination of 8 stock prices variables, 12 web buzz variables, 

4 set of sources (with different geo-tagging), various stock markets. The Europe Media 

Monitor (EMM) provides near real-time (update frequency measured in minutes) 

monitoring/scraping of over 4000 electronic media websites in 60 languages. EMM 

analyses the retrieved web texts in the form of entity recognition, entity extraction, 

recognitions of quotes, sentiment/tonality analysis. The tonality/sentiment of an article is 

determined using 4 sets of ‘tonality’ words per language, denoting highly positive, 

positive, negative and highly negative words. These tonality dictionaries are currently 

available in 14 languages, including the main EU languages. 

3. RESULTS  & CONCLUSIONS 

In line with the literature, we find an average cross-correlation between stock variables 

and web buzz, in the range 0.33-0.37 at lag 𝛿=0 (contemporaneous correlation), 

significant at 1%. Gloor et al. [9] find a positive correlation at 𝛿=0 (highest equals 0.45 

significant at 5%) between a set of web variables constructed via semantic social network 

analysis and the prices of 21 stocks. Significant cross correlation (around 0.3) is found 

between search data and volume traded for some specific terms and only for 

instantaneous correlation by Preis et al. [10]. Bordino et al. [11] find on average 0.31 at 

𝛿=0 with peaks of 0.83.  Checking for individual banks we find correlations up to 0.73 

for Barclays and between 0.6 and 0.68 for Unicredit and the Royal Bank of Scotland. 

Web buzz seems to have a poor association with New York stock data for all banks 

analysed no matter which set of web sources is considered, cross correlation is 

systematically lower when New York stock data are used. We further explore the issue 

regressing stock prices (volumes) from the NY stock market onto its past values and on 

present and past values of web buzz. The web variables almost always result to be non-

significant. A further look to the data confirms that New York stock values reacts much 

more to the corresponding movements in European stocks (NYSE opens 5/6 hours later) 

than to web buzz. The correlation between opening prices ranges from 0.91 to 0.98 for all 

banks considered. A Granger causality test on opening prices confirms that association 

goes one-way from European to NY stock exchanges 

Are stock movements sensitive to the source location of web buzz? To answer this 

question we estimate the equation: 𝑆𝑡 = 𝛼 + 𝛽1𝑆𝑡−1 + 𝛽2𝑊𝑡 + 𝛽3𝑊𝑡−1 + 휀𝑡 for each 

bank in the sample and each of the four different information sets for the web buzz (W 

denotes web variables and S stock variables). Web variables are calculated from web 

texts coming from: 1) a source located in the USA and in the European Union (EU+US);  

2) a source located in the European Union (EU);  3) sources all over the world (ALL);  4) 

sources located in the country where the bank has its main seat (Country). For each 

estimated model we calculate the percentage change in the model fit (R
2
) using option 4 

as baseline. Our analysis shows that the location of the source matters. Web buzz derived 

from EU+US sources or from world sources improves the predictive power of the 

regression up to 27.5%, if compared with the same regression but with web buzz 

obtained from Country sources. Overall European stock markets seem to respond to news 
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reported at the international level, rather than locally. The importance of the news is 

probably the explanation. Main news, those more likely to drive stock prices, are those 

finally reported by the international (financial) journals. As EMM is unable to distinguish 

between “important” and “unimportant” news (as soon as the required keywords are in 

it), the use of sources with international echo eliminates some of the noise introduced by 

irrelevant texts at the country level.  

Is web buzz able to lead stock behaviour in our dataset? Not on average, according to 

our data. Granger test fails to support an average association that goes one-way from web 

to stocks. We nevertheless find a statistically sound anticipation capacity for single 

banks, particularly Unicredit, Deutsche Bank and Crédit Agricole but also in some cases 

for BBVA, Royal Bank of Scotland, Société Générale with gains in RSS ranging from 4 

to 12%. The explanation offered by the literature for this poor average performance is 

that new information is rapidly incorporated into agents’ information set so excessive 

returns rapidly vanish: only very short (ideally intraday) stock price movements can be 

capitalized ([12], [13]).  In our analysis U-rank test confirm the association between web 

buzz and intraday price movements making this topic a potential candidate for future 

research.  

A simple hierarchical clustering on the price variables Close(t)-Open(t) shows that euro-

area banks tend to cluster together very fast while English banks are far apart and move 

differently. However, this is not the case for web buzz variables, where the 

differentiation between continental and UK banks is not clearly defined. Principal 

Component Analysis (PCA) confirms the findings of Cluster analysis. PCA on stock 

prices and volatility shows that, while euro area banks are all robustly loaded (with the 

same sign) by the same single factor, UK banks tend to be loaded by multiple factors 

(especially HSCB which stands out as the most diverse bank). Euro area banks show a 

unique common driver explaining 74.06% of the total euro area variance, all the 

remaining variance practically represents idiosyncratic bank-related noise. If web buzz 

were to reflect/anticipate stock movements we should expect a grouping in the PCA 

similar to than found for the stock variables. This is not the case: the PCA on the web 

variable Number of articles reveals at least 5 different (orthogonal) relevant factors, the 

first of which explaining only 15.55% of the total variance (the first PCA factor on the 

stock variable represented about 60% of the total variance).  

Results therefore seem to indicate that while supra-national decisions/facts at the Euro 

area level are in fact driving stock behaviours, web news about single banks is only 

episodically making a difference in stock movements. Most likely in these times of 

financial turbulence announcements of the BCE or of other international authorities are 

likely to play an decisive role in explaining trade behaviours. Results do not say that web 

buzz could not be relevant in explaining stock behaviour but rather than web buzz about 

individual banks cannot. Yet, we believe that the web hosts valuable information thus in 

future works we will investigate general economic/financial trends based on web 

information. Our analysis does not suggest a clear advantage of measures of web buzz 

based on tonality with respect to other count variables (e.g. relative number of messages). 

This could be partly due to the algorithm calculating tonality. During the test phase we 

realized that the tonality failed to identify some important financial news (like for 

example the downgrade of Deutsche Bank on the 19
th

 of Dec.). Currently the tonality 

algorithm is being upgraded to provide entity based sentiment. Even so tonality and 

sentiment analysis on financial texts are the latest and most promising advances in this 

type of literature (see [14], [15], [16]). Finally another limitation of our analysis is surely 

the restricted set of bank analysed. Enlarging the group of banks would lead us to face 

the trade-off between wide coverage but lower number of daily web texts extraction (e.g. 
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we obtain very few web texts and not every day for the Portuguese Banco Espirito Santo, 

the Finnish Pohjola and the Belgian KBC). Aggregation at the weekly level could be a 

solution worth exploring.  
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