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Abstract

The use of quantitative tools to analyse the huge amount of qualitative information 

has been acquiring increasing importance. Market participants and, of course, Central 

Banks have been involved in this trend. The vast majority of qualitative data can be 

qualified as non-structured and refers mainly to news, reports or another kind of texts. 

Its transformation into structured data can improve the availability of information and 

hence, decision making. This article applies sentiment analysis tools to text data in order 

to quantify the impact of COVID-19 on the analysts’ opinions. Using this methodology, it 

is possible to transform qualitative non-structured data into a quantitative index that can 

be used to compare reports from different periods and countries. The results show the 

pandemic worsens banking sentiment in Europe, which coincides with higher uncertainty 

in the stock market. There are also regional differences in the decline in sentiment as 

well as higher divergence is observed across opinions.

Keywords: Sentiment analysis, COVID-19 impact, European banking, analysts’ estimates.

JEL classification: G21, C81, D8, C43.



Resumen

La aplicación de herramientas cuantitativas que facilitan el análisis de la inmensa cantidad 

de información disponible ha ido ganando cada día más importancia. Son varios los 

participantes del mercado que se han unido a esta tendencia, y los bancos centrales no 

escapan de ella. Gran parte de la información cualitativa es no estructurada, principalmente 

en forma de noticias, informes u otro tipo de textos. Por lo tanto, la automatización de 

este proceso puede incrementar el volumen de información disponible y el proceso 

de toma de decisiones. Este trabajo se enmarca en esta tendencia, mediante el uso de 

herramientas de análisis de sentimiento para determinar el impacto del COVID-19 en la 

opinión de los analistas sobre el sector bancario. Gracias a esta metodología, se logra 

convertir una información cualitativa, no estructurada, en un índice cuantitativo que 

permite comparar informes de diferentes períodos y países. Como resultado, se observa 

un empeoramiento del sentimiento sobre la banca europea, lo que coincide con una 

mayor incertidumbre en las cotizaciones bursátiles. Además, se aprecian diferencias 

entre países, así como una mayor divergencia en las opiniones reflejadas en los informes. 

Palabras clave: análisis del sentimiento, impacto del COVID-19, bancos europeos, 

estimaciones de analistas.

Códigos JEL: G21, C81, D8, C43.



BANCO DE ESPAÑA 7 DOCUMENTO DE TRABAJO N.º 2124

3 
 

1. Introduction 

The equity valuation of financial entities is a crucial element for economic and financial 

markets agents. In that sense, Central Banks play an important role as they supervise the 

banking sector and monitor risks to financial stability. Valuation indicators can be very 

diverse, where stock prices, volatility or earnings estimates are among the most 

commonly tracked. These quantitative indicators provide comparability across time and 

entities. Additionally, financial analysts and rating agencies provide research and 

publications that offer their qualitative assessment about different subjects such as rating 

updates, financial disclosures, questions related to the financial sector, or issues affecting 

specific entities. The information conveyed in these reports can be very useful as an 

overview of analysts’ opinions and market sentiment during periods of high volatility.  

Since the inception of the pandemic, banking stock prices dropped more than general 

stock indexes (Figure 1), even if institutions such as the European Central Bank (ECB) 

or the European Banking Association (EBA) stated that banks are now in a better position 

than in the Great Financial Crisis (GFC). The increasing gap between the banking sector 

and the general stock indexes has been observed along with a worsening of analysts’ 

outlooks, highlighting prospects of lower profitability and a deterioration of credit quality 

(see ECB May 2020 Financial Stability Review and EBA 2020), which lead most analysts 

to revise down earnings per share (EPS) and profitability (ROE) estimates of banks for 

2020 (Figure 2). 

In that sense, analysts’ opinions before and after the inception of the Covid pandemic 

constitute a useful piece of information about their perspectives for the banking sector, 

which conveys additional information than the one contained in quantitative indicators. 

Indeed, several financial providers have created sentiment indicators based on news and 
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research available on their platforms that could help to analyse the impact of the 

pandemic. Although these indexes give a first approximation, they have some 

disadvantages. First, they only contain the average sentiment of a sample of reports and 

not individual values of the index. Secondly, getting the sentiment index for each report 

could help understand the divergence or disagreement across the pool of opinions. 

Thirdly, the sentiment index could be biased as they only refer to the opinions from one 

specific source. 

For that reason, the main contribution of this paper is to offer individual indicators 

of analysts’ opinions in order to compare different periods, entities, countries, or reports. 

This article elaborates this Sentiment Index (IS), and illustrate its usefulness for assessing 

how analysts’ opinions about the banking sector have been downgraded after the 

inception of Covid-19 and compare its reaction with the one observed in analysts’ 

estimates and in the financial markets. 

The remainder of the paper is organized as follows. The next section provides a review 

of the literature. Section 3 describes how we built the database of reports contained in the 

analysis, and section 4 defines the methodology used to get the sentiment index (IS). 

Sections 5 and 6 present the main results and the robustness analysis, respectively. Section 

7 compares the IS with other financial indicators and finally, section 8 concludes.  

 

2. Literature review 

Text mining techniques applied to financial and economic reports have been of increasing 

importance for a wide variety of texts such as monetary policy press conferences 

transcripts, earning calls, or press news. The main objective is gathering qualitative 
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information to evaluate textual tone where the analysis of frequencies of some specific 

words or topics falls within the most commonly used techniques. Sentiment analysis can 

be defined as a particular discipline in the field of textual analysis that aims to quantify 

the tone of a given document through the classification of words into two polarized 

categories: positive and negative.   

Text mining was firstly introduced in 1966 by the researcher Philip J. Stone, who 

developed the “General Inquirer” (GI) which supposed the creation of the first dictionary 

(Harvard IV-4) for getting textual tone. This dictionary contains approximately 12.000 

words and 77 categories, being “positive”, “negative”, “weak”, “strong”, “active” or 

“passive” the most representative. A dictionary is a collection or list of words classified 

into some categories. Sentiment analysis is based on the counting of positive and negative 

words, so the dictionary used is crucial to get the sentiment of a document. Since the 

creation of the GI, text mining tools have been used in a broad context of text messages 

and have been readapted to different types of messages and contents.  

For example, Tetlock (2007) analyses the daily news media content of the World 

Street Journal to quantify the impact of negative sentiment on financial markets. The 

paper demonstrates empirically that higher media pessimism can explain lower stock 

returns. Similarly, Engelberg (2008) constructs an index based on Dow Jones News 

Service stories, which illustrates the number of negative words in the press content using 

the GI dictionary.  

One of the questions that arises in sentiment analysis is whether a dictionary 

developed in the context of psychology (GI) can be appropriated for financial content. 

4 
 

research available on their platforms that could help to analyse the impact of the 

pandemic. Although these indexes give a first approximation, they have some 

disadvantages. First, they only contain the average sentiment of a sample of reports and 

not individual values of the index. Secondly, getting the sentiment index for each report 

could help understand the divergence or disagreement across the pool of opinions. 

Thirdly, the sentiment index could be biased as they only refer to the opinions from one 

specific source. 

For that reason, the main contribution of this paper is to offer individual indicators 

of analysts’ opinions in order to compare different periods, entities, countries, or reports. 

This article elaborates this Sentiment Index (IS), and illustrate its usefulness for assessing 

how analysts’ opinions about the banking sector have been downgraded after the 

inception of Covid-19 and compare its reaction with the one observed in analysts’ 

estimates and in the financial markets. 

The remainder of the paper is organized as follows. The next section provides a review 

of the literature. Section 3 describes how we built the database of reports contained in the 

analysis, and section 4 defines the methodology used to get the sentiment index (IS). 

Sections 5 and 6 present the main results and the robustness analysis, respectively. Section 

7 compares the IS with other financial indicators and finally, section 8 concludes.  

 

2. Literature review 

Text mining techniques applied to financial and economic reports have been of increasing 

importance for a wide variety of texts such as monetary policy press conferences 

transcripts, earning calls, or press news. The main objective is gathering qualitative 

4 
 

research available on their platforms that could help to analyse the impact of the 

pandemic. Although these indexes give a first approximation, they have some 

disadvantages. First, they only contain the average sentiment of a sample of reports and 

not individual values of the index. Secondly, getting the sentiment index for each report 

could help understand the divergence or disagreement across the pool of opinions. 

Thirdly, the sentiment index could be biased as they only refer to the opinions from one 

specific source. 

For that reason, the main contribution of this paper is to offer individual indicators 

of analysts’ opinions in order to compare different periods, entities, countries, or reports. 

This article elaborates this Sentiment Index (IS), and illustrate its usefulness for assessing 

how analysts’ opinions about the banking sector have been downgraded after the 

inception of Covid-19 and compare its reaction with the one observed in analysts’ 

estimates and in the financial markets. 

The remainder of the paper is organized as follows. The next section provides a review 

of the literature. Section 3 describes how we built the database of reports contained in the 

analysis, and section 4 defines the methodology used to get the sentiment index (IS). 

Sections 5 and 6 present the main results and the robustness analysis, respectively. Section 

7 compares the IS with other financial indicators and finally, section 8 concludes.  

 

2. Literature review 

Text mining techniques applied to financial and economic reports have been of increasing 

importance for a wide variety of texts such as monetary policy press conferences 

transcripts, earning calls, or press news. The main objective is gathering qualitative 



BANCO DE ESPAÑA 9 DOCUMENTO DE TRABAJO N.º 2124

5 
 

information to evaluate textual tone where the analysis of frequencies of some specific 

words or topics falls within the most commonly used techniques. Sentiment analysis can 

be defined as a particular discipline in the field of textual analysis that aims to quantify 

the tone of a given document through the classification of words into two polarized 

categories: positive and negative.   

Text mining was firstly introduced in 1966 by the researcher Philip J. Stone, who 

developed the “General Inquirer” (GI) which supposed the creation of the first dictionary 

(Harvard IV-4) for getting textual tone. This dictionary contains approximately 12.000 

words and 77 categories, being “positive”, “negative”, “weak”, “strong”, “active” or 

“passive” the most representative. A dictionary is a collection or list of words classified 

into some categories. Sentiment analysis is based on the counting of positive and negative 

words, so the dictionary used is crucial to get the sentiment of a document. Since the 

creation of the GI, text mining tools have been used in a broad context of text messages 

and have been readapted to different types of messages and contents.  

For example, Tetlock (2007) analyses the daily news media content of the World 

Street Journal to quantify the impact of negative sentiment on financial markets. The 

paper demonstrates empirically that higher media pessimism can explain lower stock 

returns. Similarly, Engelberg (2008) constructs an index based on Dow Jones News 

Service stories, which illustrates the number of negative words in the press content using 

the GI dictionary.  

One of the questions that arises in sentiment analysis is whether a dictionary 

developed in the context of psychology (GI) can be appropriated for financial content. 

6 
 

For that reason, Loughran and McDonald (2008) evaluate the tone of 10-K filings1 of 

7852 entities between 1994 and 2008 in the US based on two dictionaries: the Harvard 

IV-4 and a new negative words classification (LM). The new wordlist has a lower 

extension but best reflects the financial context as it considers words that appear with a 

higher frequency in the SEC filings. Moreover, the new LM list adds additional categories 

such as uncertain or litigious and it incorporates words that are most likely used in the 

financial context but that were not initially included in the Harvard IV-4 dictionary (e.g., 

“felony”, “litigation”, “restated”, “misstatement”, unanticipated”). The authors find that 

almost three-fourths of the negative words in the Harvard IV-4 list did not provide a 

negative tone in financial applications. Furthermore, the sentiment analysis according to 

the LM classification manages to explain better stock returns after 10-K filings conference 

calls. 

Henry and Leone (2010) also investigate the question about which dictionary 

could better reflect financial context. The authors evaluate the textual tone of financial 

disclosure press conferences based on two types of wordlists. The first one refers to 

general context dictionaries, such as the GI and the one designed by Roderick Hart 

(Diction Software, available at http://dictionsoftware.com/diction-overview/,) related to 

the political context, which classifies words into five categories: Activity, Optimism, 

Certainty, Realism, and Commonality. Secondly, Henry and Leone (2010) employ their 

own developed wordlist that was designed for its use in the domain of financial 

disclosures. The authors defend the use of specific dictionaries2 to mitigate issues such as 

polysemy, i.e. words having multiple meanings. For instance, words such as “shares” or 

                                                           
1 10-K is a comprehensive report filed annually by a publicly-traded company about its financial performance and is required by the U.S. 
Securities and Exchange Commission (SEC). The report contains much more detail than a company’s annual report, which is sent to its 
shareholders before an annual meeting to elect company directors. 
2 The dictionary by Loughran and McDonald (2009) can be classified as a specific dictionary. 
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“outstanding” are classified as positive in the GI dictionary but their meaning is 

completely different when applied to the financial context. Henry and Leone (2010) find 

that financial domain-specific dictionaries outperform GI in measuring the tone of various 

financial disclosures as they provide higher economic significance for changes in stock 

returns.  

Similarly, McKay et al. (2012) analyse the textual sentiment of financial 

disclosure press conferences and its impact on the stock market. The authors state that 

specific dictionaries better reflect the tone of the documents and they employ the HE 

dictionary. The work by Engelberg (2008) also defends the use of specific wordlists 

because Harvard’s positive word list may fail to correlate with financial disclosures, due 

to erroneous classifications.  

Feldman et al. (2009) stated that incorporating qualitative information can better 

explain stock price movements. That way, they measure the textual tone of the 

Management Discussion and Analysis Sections (MD&A) for a sample of US firms. They 

construct three sentiment indicators based on the number of positive and negative words 

as the difference between positive and negative, expressed as a ratio of the total number 

of words.  

Our paper belongs to the set of work that aims to transform qualitative and non-

structured information about entities into a quantitative measure of the textual tone that 

provides a Sentiment Index. More precisely, we apply the two main financial dictionaries, 

i.e., the one developed by Henry and Leone (2010) and the one by Loughran and 

McDonald (2009), into analysts’ reports about European banks in order to evaluate their 

opinions. We chose these specific dictionaries because empirical evidence points to a 
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The second group of reports, rating analysts, show the main aspects driving a 

rating upgrade or downgrade. Their frequency is lower than for the first group, but after 

the inception of the pandemic, more documents were provided by rating analysts 

identifying relevant information and key issues that could affect banking entities. For 

instance, S&P offers the Market Intelligence Tool, where short stories and news are 

published on a daily basis.  

Finally, financial analysts from Investment Banks produce similar documents, 

sometimes published when estimates are updated. The vast majority of these reports 

convey information about the principal risks and/or strengths of each entity.  

Most of the reports refer to one specific entity and have been obtained for two 

different periods. However, approximately 30% of Spanish bank documents contain 

opinions about two or more than two entities while this percentage is lower (13%) in the 

case of European banks (Table A2 in Annex A).  

The first period refers to the two months immediately prior to the start of the 

Covid - 19 outbreak in Europe (January and February 2020). The second period (post-

Covid) let us assess the impact immediately after the beginning of the crisis in April and 

May. That way, one can analyse the reaction of analysts during a short time window, 

when the main event observed in the financial markets was the beginning of the pandemic 

and the implemented lockdowns3. Moreover, we excluded March from the analysis given 

its pronounced downtrend (Figure 1). In fact, the reaction of analysts’ estimates was more 

clearly observed from April onwards (Figure 2).  

                                                           
3 We exclude the evolution afterward as other events such as the measures implemented by country governments and Central Banks, as 
well as the later recovery. 
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The sample of Spanish Banks include the five principal listed banks: Santander, 

BBVA, CaixaBank, Bankia, and Sabadell, which represent around 93% of all banks stock 

market capitalization (Table A1 in Annex A). Deutsche Bank and Commerzbank4 

constitute the 80% of German Banks, meaning a 80%. In the case of France, we have 

considered three entities: BNP Paribas, Credit Agricole and Societe Generale which 

covers 97% of banks stock market capitalization. Moreover, we include the three Italian 

banks with the highest stock market capitalization, representing approximately 70% of 

the market: Intesa Sanpaolo, Unicredit, and Mediobanca. Finally, the Dutch sample is 

constituted by the most relevant entities in the country: ING Bank and ABN Amro, which 

accounts for 90% of banks stock market. In all analysed countries the weight of each 

financial entity remains almost stable in the two periods: pre and post-Covid (Figure 3).  

 

4. The methodology to obtain the Index Sentiment 

From this original database of analysts’ reports, we transform the qualitative content of 

the reports into numeric values. Specifically, sentiment analysis is based on the 

classification of documents according to two extreme values (positivity and negativity)5 

to get the polarity of each document and in the end, provide a quantitative index. Positive 

and negative terms can be referred to as connote terms while the rest of the words in a 

document are defined as neutral.  

The Loughran and McDonald (2011) dictionary has been used to define the tone 

of each word. It contains a list of negative and positive words based on English financial 

                                                           
4 The rest of the listed entities in this country represent less than 1% of the stock market capitalization and these two entities account for 
80% of the market (Table A1 in Annex A).  
5 The positivity (or negativity) of a document is defined as the number of positive (negative) words within the total number of words. The 
classification of each word is determined by the use of a pre-established sentiment dictionary.  
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texts. Using this dictionary, one can obtain a Sentiment Index (IS) for each document, 

and then group them for each country and period (or bank).  

The computation of the IS considers connote terms (positive and negative words) 

as well as neutral words. Following this approach, positivity and negativity indexes (see 

equations 1 and 2) can be interpreted as a ratio of negative (positive) words over the total, 

where values range within -1 (all the words in a document are negative) and 1 (all the 

words are positive).  

However, we observe index values that are far from these extreme points, as 

connote terms represent a relatively low percentages of the total6. The IS (equation 3) is 

computed as the difference between positive and negative words, expressed as a 

percentage over the total of words in a document. If the value is equal to zero, the 

sentiment is neutral, whether because the number of negative and positive words coincide 

or because there are not connote terms7. The value of the index conveys information both 

about the tone (positive or negative) and its magnitude8. In that sense, the higher the value 

of the index (in absolute terms) the more positive or negative the sentiment will be.  

Before obtaining the final index, words such as adverbs, prepositions, names and 

other terms9 not offering textual tone have been removed from each document. Moreover, 

the frequency (number of times a word appears) of each word has been considered for the 

analysis.  

Additionally, the sentiment index accounts for the use of modifiers. The 

classification based only on negative and positive words can lead to a misinterpretation 

                                                           
6 The percentage of connote terms represents approximately 5% of the total number of words in most of the countries.  
7 Words without connotation or neutral words are the ones that can be classified neither as positive nor as negative.  
8 A higher/lower value of the index reflects a higher/lower sentiment.  
9  Words such as “basis”, “points”, “years”, “millions”, “euros”, days and months have not been considered.  
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of the sentiment in some cases. Instead, considering also modifiers that appear near to 

connote terms can provide a more precise measure. For example, the word “loss” 

connotes negative according to the LM dictionary, but the initial meaning can be altered 

if it appears together with a “not”. If modifiers are included in the analysis, this text will 

be classified as positive, offering a more accurate sentiment. 

This methodology modifies the value and, therefore, the sentiment if a 

positive/negative word appears near to a modified. Concretely, the IS will be computed 

as expressed in equation 4. The variable 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖 is defined as a dummy that takes two 

possible values: -1 if the connote term appears next to a modifier10 and 1, otherwise. 

Following the last example, if the term “loss” does not appear next to any 

modifier, its sentiment will not be changed, i.e., it is considered a negative term, but if, 

otherwise, a “not” is also included, the sentiment will be changed.   

The IS considers the number of positive/negative words as well as its frequency. 

For that reason, the formula described in equation 4 takes into account all repetitions for 

each modifier and word. For instance, in the previous example, if “loss” appears twice, 

one time with a modifier and the other without, the final value assigned to the sentence 

analysed will be neutral.   

Negativity Index =  
∑Negative words

∑Total words       (1) 

Positivity Index =  
∑Positive words
∑Total words        (2) 

𝑆𝑆𝑚𝑚𝑆𝑆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚𝑆𝑆𝑆𝑆 𝐼𝐼𝑆𝑆𝑚𝑚𝑚𝑚𝐼𝐼 (𝐼𝐼𝑆𝑆) =  Positivity Index – Negativity Index   (3) 

                                                           
10 We have considered terms with a distance of 4 or less with respect to the positive/negative word. 
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𝐼𝐼𝐼𝐼 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑗𝑗 = ((∑ 𝑃𝑃𝑚𝑚𝑚𝑚𝑃𝑃𝑚𝑚𝑃𝑃𝑚𝑚 𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚∗𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚)−(∑𝑁𝑁𝑚𝑚𝑁𝑁𝑁𝑁𝑃𝑃𝑚𝑚𝑃𝑃𝑚𝑚 𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚∗𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚))
∑ 𝑇𝑇𝑚𝑚𝑃𝑃𝑁𝑁𝑇𝑇 𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑗𝑗

,   (4) 

where j refers to each report and i identifies each word. 
 

The literature distinguishes two types of indexes: i) the ones that express 

negativity (or positivity) as the number of negative (positive) words over the total number 

of words in a document11 and, ii) the ones considering negativity (or positivity) over the 

total number of terms with connotation12 (see more information in Annex B). 

In this paper, the analysis is based on the first type of indexes, i.e., the ones 

computed as a ratio over the total number of words. The sample of documents included 

in the analysis is obtained from different sources and the length of these documents is 

heterogeneous so that the number connote terms varies notably across the reports. For 

that reason, the main advantage is that we can avoid extreme values in the case the number 

of positive and/or negative word is very low. Moreover, following this approach, the 

index conveys information both about the tone, and the number of connote terms. Finally, 

we have checked that correlation between the two type of methods is high and therefore, 

the conclusions obtained are very similar (see Annex C and Table D2).  

 

5. Impact of Covid-19 on analysts’ sentiment about the banking sector 

Using the described methodology in the previous section, one can obtain a sentiment 

index for each document about the tone and its magnitude. Thus, we can compare in a 

                                                           
11 See Feldman et al. (2010) or Correa at al. (2018). 
12 See for example: Moreno and González (2020). 
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of words in a document11 and, ii) the ones considering negativity (or positivity) over the 

total number of terms with connotation12 (see more information in Annex B). 

In this paper, the analysis is based on the first type of indexes, i.e., the ones 

computed as a ratio over the total number of words. The sample of documents included 

in the analysis is obtained from different sources and the length of these documents is 

heterogeneous so that the number connote terms varies notably across the reports. For 

that reason, the main advantage is that we can avoid extreme values in the case the number 

of positive and/or negative word is very low. Moreover, following this approach, the 

index conveys information both about the tone, and the number of connote terms. Finally, 

we have checked that correlation between the two type of methods is high and therefore, 

the conclusions obtained are very similar (see Annex C and Table D2).  

 

5. Impact of Covid-19 on analysts’ sentiment about the banking sector 

Using the described methodology in the previous section, one can obtain a sentiment 

index for each document about the tone and its magnitude. Thus, we can compare in a 

                                                           
11 See Feldman et al. (2010) or Correa at al. (2018). 
12 See for example: Moreno and González (2020). 
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of the sentiment in some cases. Instead, considering also modifiers that appear near to 

connote terms can provide a more precise measure. For example, the word “loss” 

connotes negative according to the LM dictionary, but the initial meaning can be altered 

if it appears together with a “not”. If modifiers are included in the analysis, this text will 

be classified as positive, offering a more accurate sentiment. 

This methodology modifies the value and, therefore, the sentiment if a 

positive/negative word appears near to a modified. Concretely, the IS will be computed 

as expressed in equation 4. The variable 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖 is defined as a dummy that takes two 

possible values: -1 if the connote term appears next to a modifier10 and 1, otherwise. 

Following the last example, if the term “loss” does not appear next to any 

modifier, its sentiment will not be changed, i.e., it is considered a negative term, but if, 

otherwise, a “not” is also included, the sentiment will be changed.   

The IS considers the number of positive/negative words as well as its frequency. 

For that reason, the formula described in equation 4 takes into account all repetitions for 

each modifier and word. For instance, in the previous example, if “loss” appears twice, 

one time with a modifier and the other without, the final value assigned to the sentence 

analysed will be neutral.   

Negativity Index =  
∑Negative words

∑Total words       (1) 

Positivity Index =  
∑Positive words
∑Total words        (2) 

𝑆𝑆𝑚𝑚𝑆𝑆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚𝑆𝑆𝑆𝑆 𝐼𝐼𝑆𝑆𝑚𝑚𝑚𝑚𝐼𝐼 (𝐼𝐼𝑆𝑆) =  Positivity Index – Negativity Index   (3) 

                                                           
10 We have considered terms with a distance of 4 or less with respect to the positive/negative word. 
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The literature distinguishes two types of indexes: i) the ones that express 

negativity (or positivity) as the number of negative (positive) words over the total number 

of words in a document11 and, ii) the ones considering negativity (or positivity) over the 

total number of terms with connotation12 (see more information in Annex B). 

In this paper, the analysis is based on the first type of indexes, i.e., the ones 

computed as a ratio over the total number of words. The sample of documents included 

in the analysis is obtained from different sources and the length of these documents is 

heterogeneous so that the number connote terms varies notably across the reports. For 

that reason, the main advantage is that we can avoid extreme values in the case the number 

of positive and/or negative word is very low. Moreover, following this approach, the 

index conveys information both about the tone, and the number of connote terms. Finally, 

we have checked that correlation between the two type of methods is high and therefore, 

the conclusions obtained are very similar (see Annex C and Table D2).  

 

5. Impact of Covid-19 on analysts’ sentiment about the banking sector 

Using the described methodology in the previous section, one can obtain a sentiment 

index for each document about the tone and its magnitude. Thus, we can compare in a 
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quantitative manner the opinions on each report as a higher (lower) value of the index 

will reflect a sentiment improvement (deterioration).  

The results show lower values of the index during the second period (post-Covid), 

which suggests a deterioration of analyst’s perception about European banks (Figure 4). 

Moreover, there is a higher frequency of negative values of the IS during the post-Covid 

period.  The value of the IS13 has decreased in the five analysed countries but one can 

observe differences across the countries. The highest sentiment “downgrade” can be seen 

in Italy while the change in analyst’s opinions is nearly inexistent in the Netherlands. It 

is worth mentioning that even before the start of the Covid-19 pandemic, this country 

showed less favourable opinions.  

The impact of Covid has also been reflected in the distribution and dispersion of 

analysts’ opinions (Figure 5). For Spanish banks, a lower disparity is observed during 

April and May, while in Italy, there was a significant increase in the variety of opinions14. 

The comparison of the index distributions in the two periods let us to observe the most 

frequent values in each period. Thus, in the pre-Covid period, analyst’s opinions about 

French banks are mostly concentrated on positive values but this trend changed after the 

pandemic. According to that, the percentage of negative terms increased from 27 to 52% 

(Figure 6). Finally, after the start of the Covid, analysed reports tend to provide higher 

level of connotation, as one can perceive from the reduction in the frequency of neutral 

values of the IS.  

                                                           
13 We consider the median as the main statistic to compare the two periods, as it is more robust to atypical values and in the case of 
relatively small samples.  
14 See standard deviations before and after the Covid in Table A.3 (Annex A). We test whether the standard deviation is bigger in the post-
Covid as compared to pre-Covid through a “Fligner Killeen” test.  In Italy, the difference is statistically significant (99%).  
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Several hypothesis test have been implemented to check whether the deterioration 

of the sentiment is statistically significant or not. In that sense, the Wilcoxon Rank Sum 

Test and Quantile Regression are among the principal tools used15.   

The Wilcoxon Rank Sum Test is a non-parametric test and does not require the 

data to follow a normal distribution. Its main objective is to evaluate if the samples came 

from two equally-distributed populations16. For that reason, this statistical test let us to 

assess if analysts’ sentiment and hence, the IS, is more negative after the Covid or 

alternatively, if the difference is not statistically significant17. The results suggest a 

significant decline in analysts’ sentiment in Spain, Germany, France and Italy, but the 

change is not significant in the Netherlands (see Table 1 and Annex D). 

Quantile Regression can be used to compare different statistics, such as the 

median or the percentiles of a given distribution. In this article, we refer to the median as 

the main parameter to compare the values of the IS in the two periods, and we are 

interested in testing the hypothesis of a median reduction after the Covid. For that 

purpose, we run a regression for each country, where sentiment index is the objective 

variable and a dummy variable is added as the independent variable. This dummy takes 

two possible values: zero during the pre-Covid period (January and February) and one in 

the post-Covid period (March and April). That way, the coefficients obtained from the 

regression will denote the differences in medians between the two periods. The results 

(see Figure 7 and Table 1) are consistent with the conclusions obtained from the Wilcoxon 

test and suggest the difference in medians is negative and statistically significant for 

                                                           
15 Please refer to Annex D for additional procedures.  
16 It also refers to the location of the distribution, i.e., whether if the values of the distribution are more concentrated on the positive or 
negative side. Therefore, this test can be used to assess if there is a location shift.  
17 We use a left-side test instead of a two-sided test, given our objective is determining whether or not there is a shift to the left of the 
distribution, i.e. if negative values are more frequent.  
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Spain, France, Germany and, specially, in Italy18. In Netherlands the difference in 

medians is not significant. 

 

6. Robustness analysis 

This section provides an analysis of the robustness of the conclusions obtained to changes 

in the sample of reports and to modifications in the dictionary employed to classify the 

words.  

One of the most relevant aspects when computing the IS is the collection of documents 

we include in the sample. For that reason, we want to ensure the conclusions are not 

altered if we change slightly the sample of texts evaluated.  

Specifically, for each country and period sample, we eliminate randomly a small 

percentage (5%) of the reports. The procedure has been repeated 100 times, so that we 

get one-hundred alternative samples for each country and period. Then, the average 

sentiment is computed for each sample. The results (Table 2) show that, on average, we 

will get very similar values if we choose randomly one of the alternative samples. 

Similarly, the observed shifts in the form and location of each pair of distributions 

obtained from the alternative samples are independent of the sample we choose (see 

Figure E1, Annex E). Finally, we check whether if the deterioration of the sentiment is 

significant or not if we use alternative samples. Thus, for each of the 10,000 

combinations19, we run a Wilcoxon Rank Sum Test and obtain the p-values in each case. 

On average, the p-values obtained in each combination will offer the same conclusions 

                                                           
18 The difference is statistically significant at 99%. 
19 Considering previous iterations, 100 samples have been created for each country and period. We combine each of the 100 samples in 
the pre-Covid with each of the 100 samples in the post-Covid, obtaining, 10,000 different combinations. 
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somewhat heterogeneous according to the frequency and type of content. For instance, 

reports related to earnings release are published regularly on a quarterly basis while 

others, such as rating opinion are published with a lower regularity in positive times while 

they increase its frequency in stressed times. Therefore, our proposal is getting the 

sentiment index distributions for the analysis referred to earnings release, and compare 

with the overall sample results.  

Similar to what we have done previously, the samples are divided according to the 

period and country, so that the pre-Covid reports will refer to the earnings results of the 

last quarter of 2019, and the post-Covid covers the results of the first quarter of 2020. 

That way, one can avoid selection bias such as a potential increase in the number of 

reports because of negative news as a consequence of the Covid-19.  

Figure 8 shows IS distributions including earnings release analysts’ reports for 

each country and period and compares with the distributions with all types of reports. In 

all countries, the charts reveal a deterioration of the sentiment index also for the earnings 

release sample. Moreover, the shift seems to be greater for some countries, such as Spain 

and Germany, while the worsening in analysts’ perception is similar in the case of Italy 
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Table 4 shows the results of comparing analyst’s sentiment about the banking 

sector for different type of reports, which are aligned to the ones obtained in the previous 

section. More precisely, the Wilcoxon Rank Sum Test indicates the change in sentiment 

is significant in Spain, Italy, France and Germany, but not in Netherlands. 

Secondly, we analyse the robustness of the results to the dictionary used for word 

classification. In that sense, we use an alternative dictionary commonly used in the 

financial context: Henry and Leone (2020).  

The Henry dictionary (HE) has been commonly employed for sentiment analysis 

in a financial context as it was constructed to determine the textual tone of earnings press 

releases. The wordlist is formed by 105 positive and 85 negative words20. This dictionary 

reduces the number of connote terms as compared to the Loughran - McDonald (LM) 

wordlist, which contains 2355 negative and 354 positive words. Thus, the LM dictionary 

puts more weight on negative terms and hence, we expect using the HE will bring lower 

connotation and/or less negativity with respect to LM.    

The comparison of the two dictionaries confirms the hypothesis that LM provides 

more negativity to the sentiment index. Moreover, in Germany, we observe a low level 

of connotation when using the HE dictionary, and it is also the case for France in the post-

Covid  (Figure 9). For that reason, the LM dictionary employed in the previous section 

can offer a better approach to analysts’ sentiment (Figure 5).  

The results indicate changes in analysts’ sentiment about the banking sector are robust to 

the dictionary employed (see table 5 and Figure 9). The values of the IS given by each 

                                                           
20 See the list of positive and negative words in Annex F.  

18 
 

Table 4 shows the results of comparing analyst’s sentiment about the banking 

sector for different type of reports, which are aligned to the ones obtained in the previous 

section. More precisely, the Wilcoxon Rank Sum Test indicates the change in sentiment 

is significant in Spain, Italy, France and Germany, but not in Netherlands. 

Secondly, we analyse the robustness of the results to the dictionary used for word 

classification. In that sense, we use an alternative dictionary commonly used in the 

financial context: Henry and Leone (2020).  

The Henry dictionary (HE) has been commonly employed for sentiment analysis 

in a financial context as it was constructed to determine the textual tone of earnings press 

releases. The wordlist is formed by 105 positive and 85 negative words20. This dictionary 

reduces the number of connote terms as compared to the Loughran - McDonald (LM) 

wordlist, which contains 2355 negative and 354 positive words. Thus, the LM dictionary 

puts more weight on negative terms and hence, we expect using the HE will bring lower 

connotation and/or less negativity with respect to LM.    

The comparison of the two dictionaries confirms the hypothesis that LM provides 

more negativity to the sentiment index. Moreover, in Germany, we observe a low level 

of connotation when using the HE dictionary, and it is also the case for France in the post-

Covid  (Figure 9). For that reason, the LM dictionary employed in the previous section 

can offer a better approach to analysts’ sentiment (Figure 5).  

The results indicate changes in analysts’ sentiment about the banking sector are robust to 

the dictionary employed (see table 5 and Figure 9). The values of the IS given by each 

                                                           
20 See the list of positive and negative words in Annex F.  

17 
 

for each country than the ones obtained from the initial sample (see Table 3). Sentiment 

downgrading is significant in Spain and Germany (at the 90%), being the change stronger 

in Italy and France, where differences between the two periods are significant for all the 

sample combinations (see Figure E2 in Annex E).  

Additionally, we check the robustness of the results to the nature of the report. As 

mentioned in section three, the collection of documents included in the analysis is 

somewhat heterogeneous according to the frequency and type of content. For instance, 

reports related to earnings release are published regularly on a quarterly basis while 

others, such as rating opinion are published with a lower regularity in positive times while 

they increase its frequency in stressed times. Therefore, our proposal is getting the 

sentiment index distributions for the analysis referred to earnings release, and compare 

with the overall sample results.  

Similar to what we have done previously, the samples are divided according to the 

period and country, so that the pre-Covid reports will refer to the earnings results of the 

last quarter of 2019, and the post-Covid covers the results of the first quarter of 2020. 

That way, one can avoid selection bias such as a potential increase in the number of 

reports because of negative news as a consequence of the Covid-19.  

Figure 8 shows IS distributions including earnings release analysts’ reports for 

each country and period and compares with the distributions with all types of reports. In 

all countries, the charts reveal a deterioration of the sentiment index also for the earnings 

release sample. Moreover, the shift seems to be greater for some countries, such as Spain 

and Germany, while the worsening in analysts’ perception is similar in the case of Italy 

or the Netherlands.  

17 
 

for each country than the ones obtained from the initial sample (see Table 3). Sentiment 

downgrading is significant in Spain and Germany (at the 90%), being the change stronger 

in Italy and France, where differences between the two periods are significant for all the 

sample combinations (see Figure E2 in Annex E).  

Additionally, we check the robustness of the results to the nature of the report. As 

mentioned in section three, the collection of documents included in the analysis is 

somewhat heterogeneous according to the frequency and type of content. For instance, 

reports related to earnings release are published regularly on a quarterly basis while 

others, such as rating opinion are published with a lower regularity in positive times while 

they increase its frequency in stressed times. Therefore, our proposal is getting the 

sentiment index distributions for the analysis referred to earnings release, and compare 

with the overall sample results.  

Similar to what we have done previously, the samples are divided according to the 

period and country, so that the pre-Covid reports will refer to the earnings results of the 

last quarter of 2019, and the post-Covid covers the results of the first quarter of 2020. 

That way, one can avoid selection bias such as a potential increase in the number of 

reports because of negative news as a consequence of the Covid-19.  

Figure 8 shows IS distributions including earnings release analysts’ reports for 

each country and period and compares with the distributions with all types of reports. In 

all countries, the charts reveal a deterioration of the sentiment index also for the earnings 

release sample. Moreover, the shift seems to be greater for some countries, such as Spain 

and Germany, while the worsening in analysts’ perception is similar in the case of Italy 

or the Netherlands.  



BANCO DE ESPAÑA 21 DOCUMENTO DE TRABAJO N.º 2124

18 
 

Table 4 shows the results of comparing analyst’s sentiment about the banking 

sector for different type of reports, which are aligned to the ones obtained in the previous 

section. More precisely, the Wilcoxon Rank Sum Test indicates the change in sentiment 

is significant in Spain, Italy, France and Germany, but not in Netherlands. 

Secondly, we analyse the robustness of the results to the dictionary used for word 

classification. In that sense, we use an alternative dictionary commonly used in the 

financial context: Henry and Leone (2020).  

The Henry dictionary (HE) has been commonly employed for sentiment analysis 

in a financial context as it was constructed to determine the textual tone of earnings press 

releases. The wordlist is formed by 105 positive and 85 negative words20. This dictionary 

reduces the number of connote terms as compared to the Loughran - McDonald (LM) 

wordlist, which contains 2355 negative and 354 positive words. Thus, the LM dictionary 

puts more weight on negative terms and hence, we expect using the HE will bring lower 

connotation and/or less negativity with respect to LM.    

The comparison of the two dictionaries confirms the hypothesis that LM provides 

more negativity to the sentiment index. Moreover, in Germany, we observe a low level 

of connotation when using the HE dictionary, and it is also the case for France in the post-

Covid  (Figure 9). For that reason, the LM dictionary employed in the previous section 

can offer a better approach to analysts’ sentiment (Figure 5).  

The results indicate changes in analysts’ sentiment about the banking sector are robust to 

the dictionary employed (see table 5 and Figure 9). The values of the IS given by each 

                                                           
20 See the list of positive and negative words in Annex F.  

18 
 

Table 4 shows the results of comparing analyst’s sentiment about the banking 

sector for different type of reports, which are aligned to the ones obtained in the previous 

section. More precisely, the Wilcoxon Rank Sum Test indicates the change in sentiment 

is significant in Spain, Italy, France and Germany, but not in Netherlands. 

Secondly, we analyse the robustness of the results to the dictionary used for word 

classification. In that sense, we use an alternative dictionary commonly used in the 

financial context: Henry and Leone (2020).  

The Henry dictionary (HE) has been commonly employed for sentiment analysis 

in a financial context as it was constructed to determine the textual tone of earnings press 

releases. The wordlist is formed by 105 positive and 85 negative words20. This dictionary 

reduces the number of connote terms as compared to the Loughran - McDonald (LM) 

wordlist, which contains 2355 negative and 354 positive words. Thus, the LM dictionary 

puts more weight on negative terms and hence, we expect using the HE will bring lower 

connotation and/or less negativity with respect to LM.    

The comparison of the two dictionaries confirms the hypothesis that LM provides 

more negativity to the sentiment index. Moreover, in Germany, we observe a low level 

of connotation when using the HE dictionary, and it is also the case for France in the post-

Covid  (Figure 9). For that reason, the LM dictionary employed in the previous section 

can offer a better approach to analysts’ sentiment (Figure 5).  

The results indicate changes in analysts’ sentiment about the banking sector are robust to 

the dictionary employed (see table 5 and Figure 9). The values of the IS given by each 

                                                           
20 See the list of positive and negative words in Annex F.  

19 
 

dictionary suggest sentiment deteriorated after the Covid, as we can observe a shift to the 

left in the distributions.  

7. Relationship between other financial indicators and the IS 

The quantitative measure of analysts’ sentiment proposed in this article can be compared 

with other indicators such as earnings or profit estimates as well as stock prices and its 

volatility. In that sense, one can expect a change in sentiment to coincide with estimate 

downgrades and/or higher volatility in the stock market. For that reason, we compare the 

sentiment index (IS) before and after the Covid with: i) Earnings per share estimates 

(EPS), ii) Return on Equity estimates (ROE), and iii) realized stock prices volatility.  

Figure 10 shows EPS and ROE estimates for the year 2020 before and after the 

Covid, suggesting significant drops, while some differences arise between countries. 

ROE downgrades are deeper in Germany, whose banks already presented the lowest 

profitability ratios before the inception of the pandemic. Profitability downgrades have 

lead Spanish banks to lag behind their French peers.  

The deterioration of sentiment for European banks coincides with a higher level 

of uncertainty in the stock market (Figure 11). Thus, the distributions of daily returns 

during April and May (post-Covid) pointed to higher volatility. On the contrary, the pre-

Covid returns show lower dispersion while extreme values are more frequent in April and 

May. The evolution of the Spanish banking sector differs from the European one, which 

experienced a better performance (Figure 11).  

The quantitative indicators presented in this section point to the heterogeneity of 

banks’ characteristics within and across countries. Therefore, one can think that changes 

in sentiment index conveyed on analysts’ reports might be also driven by economic or 
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fundamental data and not only because of a general pessimistic sentiment caused by the 

pandemic. For that reason, we explore how analyst’s perception has been affected by the 

evolution of key performance indicators, such as the EPS or ROE ratio.  

We approach this question in two ways. The first one consists of exploiting the 

diversity of analysts’ opinions within each entity using the quantile regression 

methodology. This procedure can be used to identify if the effects of the pandemic or 

other banks’ characteristics are heterogeneous across the entire distribution of the IS, 

instead of looking only at the median sentiment change. Secondly, we employ fixed 

effects regressions at the bank level, in order to account for intrinsic attributes of each 

entity.  

Bank characteristics are analysed using EPS values before and after the Covid as 

well as analysts’estimates for ROE and EPS. We use EPS reported data as its frequency 

can be matched with the frequency of the IS and provides a key performance ratio of 

banks, which accounts for both market data (stock prices) and income statement 

information (quarterly earnings).  

Table 6 contains the estimated quantile regressions of the IS of each report using 

EPS, as the bank explanatory variable. The specification in column 1 is similar to the one 

described in section 5 to evaluate the difference in medians of the IS before and after the 

Covid. Therefore, the variable “time dummy” shows the median change in the IS of the 

entire sample after the inception of the Covid without considering other bank 

characteristics. The coefficient for the time variable (-0.022) suggests a significant 

deterioration of analyst’s sentiment. In the second column, one can distinguish the effect 

on the IS driven by changes in fundamental bank data (EPS) from the general 

deterioration of markets’ view after the Covid. The positive and significant value of the 
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EPS coefficient suggests analysts’ opinion is also affected by the economic performance 

of each entity.   

Additionally, columns 3 and 4 show this effect is even bigger for reports related 

to earnings release. This finding is consistent with what one can expect, as EPS are one 

of the most relevant performance indicators considered in earnings release 

communications.  

The results shown in Table 6 evaluate the effects on the median of the IS. 

However, one of the advantages of using quantile regressions is evaluating if the effects 

of a given variable (e.g. EPS) are homogeneous across the different percentiles of the IS. 

In that sense, Figure 12 shows the effects of the explanatory variables on different deciles 

of the IS. The positive relationship between EPS and IS can be observed for the central 

part of the distribution (i.e. for deciles between 20 and 70), which confirms extreme 

opinions are not necessarily related to fundamental data. Similarly, the effect of time is 

not significant in the case of extreme values of the IS. 

Table 7 shows the analysis of IS changes based on bank fixed effects.  The results 

indicate that inherent bank characteristics account for a high proportion of the variance 

within the IS (rho=0.83). Moreover, one can observe a significant positive effect of EPS 

on sentiment analysis, meaning that the higher the decrease (increase) in the value of EPS 

the higher the deterioration (improvement) of analyst’s sentiment. The second and third 

column show the effect of a change in EPS and ROE analysts’ estimates are also 

significant and positive The coefficient of the constant indicates changes in the IS not 

driven by the fundamental data included in the regressions. Therefore, it shows that other 

general factors can explain a significant and negative change in analysts’ sentiment, that 
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stays around 0.02. This means that, after controlling for bank characteristics and EPS, the 

post-Covid mean index is around 0.02 points lower than the pre-Covid value.  

We can conclude that both type of approach, i.e. quantile regression and fixed effects 

illustrate that even controlling for banks’ characteristics the pandemic had a significant 

impact on analysts’ sentiment. 

 

8. Conclusions 

The sentiment index presented in this article offers a quantitative measure of the analysts 

and rating agencies’ opinions about the European banking sector conveyed in the reports 

and research publications. Thus, the index constitutes a useful tool to gather market 

perception. Moreover, through the transformation of qualitative into quantitative data, we 

are able to compare this information across documents, entities and periods and check if 

the qualitative opinions are aligned with earnings estimates or stock prices.  

The computation of our index provides a unique indicator that reflects the 

perception of a wide variety of sources and analysts and can be used to assess all the 

spectrum of opinions. Moreover, we demonstrated that it can be used to evaluate the 

impact of specific events. We found empirical evidence for significant deterioration of 

the sentiment about the banking sector after Covid in almost all countries analysed, except 

for the Netherlands, where the deterioration is not statistically significant. This more 

pessimistic perspective is aligned with the higher level of uncertainty observed in the 

stock market and estimates downgrades. Additionally, we found EPS and ROE account 

for a non-negligible part of sentiment decline and even controlling for these variables, the 

pandemic had a significant negative impact in analysts’ sentiment.  
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The impact of Covid has also been reflected in the distribution of our index, where 

there are differences in the dispersion of analyst’ sentiment. For most of the European 

banks, a lower disparity is observed during April and May so that there is a clear 

consensus about the deterioration of sentiment. In Italy, there was a significant increase 

in the variety of opinions, perhaps reflecting the uncertainty related to the impact of Covid 

on the Italian economy, a country that was affected earlier by the pandemic.    

Moreover, the results are robust to the use of alternative dictionaries or samples. 

The dictionary employed in the analysis and the decision to consider modifiers is relevant 

to determine the level of sentiment index in each period and country. For instance, the 

dictionary defined by Loughran and McDonald gives more negativity to the index than 

the one developed by Henry and Leone. Even though, the decision of which wordlist to 

use does not affect the results that point out a deterioration of analyst’s sentiment. 

Regarding the sample of reports, we have found the impact on sentiment is not biased by 

the opinions reflected on a specific source or kind of document. 

We are aware our analysis has certain limitations. First, the lack of a sufficiently 

large sample of daily analysts’ specialized reports for each entity makes it difficult to 

construct a higher frequency index that could be used to analyse correlation with other 

quantitative indicators such as stock prices. One possible approach could be using short 

daily news of the banking sector available from different sources or social media 

opinions. Moreover, building up a daily sentiment index could be interesting for 

monitoring the banking sector. For instance, Central Banks could be interested in using 

some kind of early warning system to check if the sentiment of a particular entity worsens 

significantly with respect to their peers.  
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Going forward, our paper can be the reference for future work on event studies for 

sentiment analysis. For instance, the approach developed in this article could be expanded 

to a longer period, entities and/or countries in order to evaluate the impact of different 

events or the reaction of different sectors to a particular situation. Indeed, it could be 

interesting looking at the sentiment impact of Covid on distinct sectors or the sentiment 

reaction to developments related to the virus in each entity or country.   
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Table 1: Comparison of statistical hypothesis tests 
 

  Quantile regression Wilcoxon Rank Sum 
Test (left-side) 

  test p-value test p- value 

Spain -0.0166** 0.014 5653* 0.0705 

Germany -0.023** 0.046 2286** 0.03006 

France -0.0157** 0.024 2543*** 0.0001 

Italy -0.028*** 0.000 1168*** 0.0066 

Netherlands -0.011 0.454 994 0.1423 

 
***Significant at 99%, **Significant at 95%, *Significant at 90% 
 
Table 2: Comparing IS medians for different samples 

  Median (Pre-Covid) Median (Post-Covid) 

  
Initial 
sample 

Average 100 
simulations 

Initial 
sample 

Average 100 
simulations 

Spain 0 0 -0.016 -0.015 
Germany -0.01 -0.01 -0.031 -0.031 

France 0 0 -0.015 -0.015 
Italy -0.002 -0.003 -0.029 -0.029 

Netherlands -0.045 -0.042 -0.059 -0.059 
Columns 1 and 3 (initial sample) show IS medians for each period and country (according to the results 
presented in Table 3 (a) – Annex and Graph 4). Columns 2 and 4 contains the average of the 100 alternative 
sample.  
 
Table 3: Results Wilcoxon Rank Sum Test for each iteration  

  p-value  

  Initial sample 
Average 10,000 

simulations 
Spain 0.060 0.08 

Germany 0.065 0.073 
France 0.000 0.000 

Italy 0.013 0.017 
Netherlands 0.220 0.247 

Column 1 shows the p-values of the Wilcoxon test using the initial sample (see also table 1 in Annex D). 
The second column also includes the average of the p-values for each of the 10,000 combinations. See also 
all p-values obtained for each combination in Figure E2 in Annex E.  
 
Table 4: Results (p-values) of the Wilcoxon Rank Sum Test for different type of 
reports 

Type of 
reports Spain Italy France Germany Netherlands 

All 0.0705* 0.0066*** 0.000*** 0.0226** 0.142 
Earnings 
release 0.0028*** 0.0136*** 0.0012*** 0.0186** 0.2528 

***Significant at 99%, **Significant at 95%, *Significant at 90% 
p-values obtained from a Wilcoxon left-side test. 
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Germany -0.023** 0.046 2286** 0.03006 

France -0.0157** 0.024 2543*** 0.0001 

Italy -0.028*** 0.000 1168*** 0.0066 

Netherlands -0.011 0.454 994 0.1423 

 
***Significant at 99%, **Significant at 95%, *Significant at 90% 
 
Table 2: Comparing IS medians for different samples 

  Median (Pre-Covid) Median (Post-Covid) 

  
Initial 
sample 

Average 100 
simulations 

Initial 
sample 

Average 100 
simulations 

Spain 0 0 -0.016 -0.015 
Germany -0.01 -0.01 -0.031 -0.031 

France 0 0 -0.015 -0.015 
Italy -0.002 -0.003 -0.029 -0.029 

Netherlands -0.045 -0.042 -0.059 -0.059 
Columns 1 and 3 (initial sample) show IS medians for each period and country (according to the results 
presented in Table 3 (a) – Annex and Graph 4). Columns 2 and 4 contains the average of the 100 alternative 
sample.  
 
Table 3: Results Wilcoxon Rank Sum Test for each iteration  

  p-value  

  Initial sample 
Average 10,000 

simulations 
Spain 0.060 0.08 

Germany 0.065 0.073 
France 0.000 0.000 

Italy 0.013 0.017 
Netherlands 0.220 0.247 

Column 1 shows the p-values of the Wilcoxon test using the initial sample (see also table 1 in Annex D). 
The second column also includes the average of the p-values for each of the 10,000 combinations. See also 
all p-values obtained for each combination in Figure E2 in Annex E.  
 
Table 4: Results (p-values) of the Wilcoxon Rank Sum Test for different type of 
reports 

Type of 
reports Spain Italy France Germany Netherlands 

All 0.0705* 0.0066*** 0.000*** 0.0226** 0.142 
Earnings 
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***Significant at 99%, **Significant at 95%, *Significant at 90% 
p-values obtained from a Wilcoxon left-side test. 
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Table 5: Results (p-values) of the Wilcoxon Rank Sum Test for different dictionaries 
Dictionary Spain Italy France Germany Netherlands 

LM 0.0604* 0.013** 0.0001*** 0.0651* 0.220 
HE 0.0015*** 0.0766* 0.000*** 0.179 0.304 

LM modifiers 0.0705* 0.0066*** 0.000*** 0.0226** 0.142 
***Significant at 99%, **Significant at 95%, *Significant at 90% 
p-values obtained from a Wilcoxon left-side test. The dictionary “LM modifiers” is based on the LM 
wordlist but we adjust the sentiment if the word appears next to a modifier.  
 
 

Table 6: Quantile regressions with quantitative indicators as control variables 

 (1) 
all reports 

(2) 
all reports 

(3) 
earnings 
release 

(4) 
earnings 
release 

Time dummy -0.0222*** -0.0127** -0.0294*** -0.0140* 
 (0) (0.003) (0) (0.012) 
     

EPS  0.0166**  0.0230*** 
  (0.002)  (0) 
     

Constant 0 -0.00750* 0 -0.0129** 
  (1) (0.029) (1) (0.002) 
#Observations 627 524 333 322 

 p-values in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
Columns 1 to 2 regressions are based on all reports while columns 3 to 4 only refer to documents related to 
earnings release. The following specifications have been estimated:  
𝑰𝑰𝑰𝑰(𝜽𝜽)𝒊𝒊𝒊𝒊𝒊𝒊 = 𝜷𝜷𝟎𝟎𝜽𝜽+𝜷𝜷𝟏𝟏𝜽𝜽𝑬𝑬𝑬𝑬𝑰𝑰𝒊𝒊𝒊𝒊 + 𝜹𝜹𝒊𝒊𝜽𝜽 + 𝒖𝒖𝒊𝒊𝒊𝒊𝜽𝜽 where the subscript i refers to each bank, t to time (t=1 pre-
Covid, t=2 post-Covid), k to each analyst report, and 𝜃𝜃𝑡𝑡ℎto the quantile of IS. 𝜹𝜹𝒊𝒊𝜽𝜽 is a dummy which takes 
the value 0 for the pre-Covid and 1 in the post-Covid, 𝑬𝑬𝑬𝑬𝑰𝑰𝒊𝒊𝒊𝒊  is the value of released EPS of each entity, 
and 𝑢𝑢𝑖𝑖𝑡𝑡𝜃𝜃 is the error term. Given we are evaluating each quantile of the IS values, we estimate different 
regressions and coefficients per each 𝜃𝜃. In the given table, we evaluate the effects of each regressor in the 
median change of the IS, so that 𝜃𝜃=0.5. Figure 12 contains different percentiles. The number of 
observations in the first column includes all sample reports. In the first and second column, we included 
all reports. Third and fourth columns restrict the analysis to earnings release documents.  
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Table 7: Bank Fixed effect regressions 

  (1) (2) (3)     

EPS 0.0337***     
 0   
    

EPS estimates  0.0107**  
  (0.004)  
    

ROE estimates   0.00307** 
   (0.002) 
    

Constant -0.0215*** -0.0251*** -0.0287*** 

  (0) (0) (0) 

#Observations 30 30 30 
R2 0.715 0.481 0.518 
RHO 0.841 0.813 0.780 

p-values in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001. RHO refers to the “Intra-class” correlation and indicates how much of 
the total variance is explained by the differences across banks. The following specifications have been 
estimated: 𝑰𝑰𝑰𝑰𝒊𝒊𝒊𝒊 = 𝜷𝜷𝟎𝟎+𝜷𝜷𝟏𝟏𝑿𝑿𝒊𝒊𝒊𝒊 +  𝜶𝜶𝒊𝒊 + 𝒖𝒖𝒊𝒊𝒊𝒊, where 𝑰𝑰𝑰𝑰𝒊𝒊𝒊𝒊 refers to the median of the IS for each bank and time 
period t ∈{t=1 pre-Covid, t=2 post-Covid}, 𝑿𝑿𝒊𝒊𝒊𝒊 shows the EPS, EPS estimates and ROE estimates, 
respectively, 𝜶𝜶𝒊𝒊 is the individual bank effect not changing over time, and 𝒖𝒖𝒊𝒊𝒊𝒊 is the error term. The number 
of observations refers to a panel containing 15 banks and 2 periods.  
 

Figure 1: Stock market indexes 

 
Source: Stock indexes for the banking system in each country (Datastream) 
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Figure 2: Analysts estimates (2020) for European banks 

 
We considered the SmartEstimate, which is a weighted average of analysts’ estimates provided less than 
120 days before. Two-thirds of the weighting is obtained from contributor punctuation and one third 
depends on the seniority of the estimation. The evolution in each country is constructed through a weighted 
average of the stock market capitalization of each bank. 
 
Figure 3: Percentage of reports where each bank is mentioned 

 
Note: the sum of the percentages can be bigger than one, as some of the reports refer to more than one 
entity.  
 

A EPS estimates for 2020 B ROE estimates for 2020

1

1.5

2

2.5

3

3.5

4

4.5

5

-1.0

-0.5

0.0

0.5

1.0

Spain Germany Netherlands

Italy France (rhs)

-4

-2

0

2

4

0

2

4

6

8

10

12

Spain France Netherlands

Italy Germany (rhs)

0

0.1

0.2

0.3

0.4

0.5

0.6

SANTANDER BBVA CAIXABANK BANKIA SABADELL

% reports 

Spanish banks

PRE-COVID POST-COVID

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8

% reports

European banks

PRE-COVID POST-COVID

Germany France Italy Netherlands

31 
 

Figure 4: Sentiment Index before and after Covid 

 

Median of the Sentiment Index in each country and period. The index is expressed as a percentage of total 

number of words.
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Figure 5: Analysts’ sentiment distribution for European banks 

 
Figures show the percentage of reports in each range of IS values. The vertical bar highlights the reports having a neutral sentiment, i.e., the ones neither with positive nor 
negative words or the ones showing equivalence between the number of positive and negative words. Observations in the left-side show negative values while in the right-side 
one can see the positive values. 
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Figure 6: Percentage of positivity and negativity in the Sentiment Index 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure shows the percentage of reports having a positive, negative or neutral sentiment. 
 

Figure 7: The impact of Covid on Analysts’s opinions about the banking sector 
(difference in medians) 

 
 

 
Figure shows the differences between post-Covid and pre-Covid median and a 95% CI. 
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Figure 8: Sentiment Index Distributions for Earnings Release and all the reports 
All reports 
Spain Italy France Germany Netherlands 

     
Earnings Release 

     

Red lines represent the pre-covid densities, and the blue lines the post-covid ones. 
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Figure 9: Comparison between HE and LM 

 

 
Red lines represent the pre-covid densities, and the blue lines the post-covid ones. 
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Figure 10: Analysts’ estimates before and after Covid pandemic 

 
We considered the SmartEstimate, which is a weighted average of analysts’ estimates provided less than 
120 days before. Two-thirds of the weighting is obtained from contributor punctuation and one third 
depends on the seniority of the estimation. The evolution in each country is constructed through a weighted 
average of the stock market capitalization of each bank. The pre-Covid value represents last February value 
and the post-Covid the last data on May. 
 
Figure 11: Stock daily returns histograms before and after Covid 

 
Daily returns distributions for the Spanish and european banks stock index during January and February 
(pre-Covid) and May, April (post-Covid). 
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Figure 12: Quantile regression plots for the effect of each variable in the percentiles of IS 

 

Dum: dummy variable for time (0: pre-Covid, 1: post-Covid).   
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Annex A: Summary statistics for the sample of reports  

Table A1: Sample size 

 Number of reports % Market 
Capitalization sample  Pre-Covid Post-Covid Total 

Spain 73 138 211 93% 
Germany 51 75 126 80% 
France 59 62 121 97% 
Italy 48 37 85 70% 
Netherlands 38 46 84 90% 
Total 269 358 627  

 
Table A2: Number of Banks (percentage) included in each report  

 Spanish banks European banks 
# Banks PRE-COVID POST-COVID PRE-COVID POST-COVID 

1 66% 83% 87% 85% 
2 23% 9% 13% 11% 
3 0% 1% 0% 1% 
4 3% 1% - - 
5 5% 4% - - 

General 3% 1% 0% 0% 

 
Table A3: Median and standard deviation for Sentiment Index (IS) 

a. The ratio over the total number of words 
Country Median Standard deviation 

Pre-Covid Post-Covid Pre-Covid Post-Covid 
Spain 0 -0.016 0.0461 0.0368 
Germany -0.008 -0.031 0.0305 0.0463 
France 0 -0.015 0.0349 0.0366 
Italy -0.002 -0.029 0.0382 0.0612 
Netherlands -0.045 -0.059 0.0544 0.0659 

 
b. The ratio over the terms 
Country Median Standard deviation 

Pre-Covid Post-Covid Pre-Covid Post-Covid 
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Germany 0.00 -0.41 0.6024 0.5572 
France 0.00 -0.23 0.6670 0.4902 
Italy -0.04 -0.37 0.5561 0.6086 
Netherlands -0.70 -0.72 0.4706 0.5496 
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Annex B: Positivity, Negativity and Sentiment index over the total of connote terms 

In order to construct this alternative version of the index, we should consider only connote 

terms. That way, the index for each document shows the relevance of negative (positive) 

words over the total number of connote terms. Equations B1, B2 and B3 show the 

formulas to compute the indexes.  

Negativity Index =  ∑# 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤
∑#Negative words+∑#Positive words    (B1) 

Positivity Index =  ∑# 𝑃𝑃𝑤𝑤𝑤𝑤𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤
∑#Negative words+∑#Positive words    (B2) 

Sentiment Index =  ∑# 𝑃𝑃𝑤𝑤𝑤𝑤𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤−∑# 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤
∑#Negative words+∑#Positive words     (B3) 

 
Annex C: Correlation between different indexes (Spanish banks) 
 

 Pre-covid Post-covid 

Model 1-2 -0.856 -0.844 
Model 1: Sentiment index computed using the total number of words, Model 2: Sentimen index based on 
connote terms. 
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Annex D: Hypothesis statistical test 

Several hypothesis tests have been used to assess the significance of sentiment changes 

before and after the inception of the pandemic. The Kolmogorov-Smirnov, the Chi-

squared, and the Wilcoxon Rank Sum Test can be used to compare the distributions of 

the Sentiment index in the two periods. Additionally, a Quantile Regression can 

determine whether if there is a change in median’s difference in the two periods and the 

Fligner-Kileen test provides a statistical tool to analyse if standard deviations of the two 

distributions changed. 

Our results rely mainly on the Wilcoxon Test, the Quantile Regression, and the 

Fligner-Kileen test. The Fligner-Kileen constitutes a non-parametric test that can be used 

to assess opinion consensus among analyst’s sentiment. The Wilcoxon-test is the non-

parametric extension of the t-test and assesses if two samples are obtained from 

homogeneous populations, i.e., if there are the same number of positive and negative 

differences across the samples and if the magnitude of the differences is the same 

(symmetry of positive and negative differences). Using quantile regression, we test for 

differences in medians. 

However, the Chi-squared and the Kolmogorov-Smirnov tests should not be as 

appropriate in this context. In the first case, the Chi-squared requires the two samples to 

be independent, which is difficult to guarantee in our sample of reports. In the second 

case, the Kolmogorov-Smirnov test is not able to identify locations shifts as its main aim 

is looking for shape changes. Each of the tests is defined as follows: 

1. Chi-squared: is a non-parametric test that compares observed vs expected 

frequencies. It does not require equal variance among the samples but it required 
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the two analysed groups to be independent, i.e., the persistence in time series data 

can affect the robustness of the statistic. Moreover, the sample size should be large 

enough. 

2. Quantile regression: allows to statistically test whether there was a change in 

median sentiment after Covid. For this purpose, quantile regression is estimated 

where the independent variable is the sentiment index and the explanatory 

variable is a dichotomous variable that identifies the pre-covid and post-covid 

periods (0=Ener-Feb, 1=Apr-May). This model does not assume that the data must 

follow a specific type of distribution (so it is considered a semi-parametric test). 

The null hypothesis assumes equality at the median.  

3. Kolmogorov test: A nonparametric test based on the cumulative density function 

that tests the similarity between two distributions, mainly in their shape. However, 

it has the disadvantage of being less powerful in detecting changes in the location 

of the median than other tests. The null hypothesis assumes equality of 

distributions. 

4. Wilcoxon rank-sum test: A non-parametric test, which does not impose any kind 

of functional form. It is, therefore, the extension of the t-test when the samples do 

not follow a normal distribution. It assumes independence between samples and 

equality of variances. The null hypothesis is equality of medians and same 

location of the distribution. The alternative hypothesis would indicate that the 

medians of the two distributions are different and/or that one of the distributions 

has higher (or lower) values than the other.  
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5. Fligner-Killeen test: non-parametric test to evaluate the equality of variance 

between groups. Mainly powerful when distributions are not normal and there are 

outliers. The null hypothesis assumes equality of variance.   

Table D1: Comparison of results for different tests 

 
Test Chi-
squared 

Quantile 
Regression Test Kolmogorov 

Fligner-Killeen 
Test 

Wilcoxon Rank 
Sum Test (a)  

 Test  p-
value 

Test  p-
value 

Test  p-
value 

Test  p-
value 

Test  p-
value 

Spain 2600 *** 0.005 -0.016 ** 0.035 -0.143  0.142 0.078  0.780 6259 * 0.060 
Germany 935  0.427 -0.022 * 0.065 -0.163  0.199 1.810  0.179 2213 * 0.065 

France 1400 *** 0.002 -0.016 ** 0.018 -0.342 *** 0.001 0.080  0.775 2516 *** 0.000 
Italy 828  0.525 -0.031 *** 0.000 -0.415 *** 0.001 8.279 *** 0.004 1138 ** 0.013 

Netherlands 1203  0.120 -0.011  0.444 -0.205  0.175 0.697  0.404 960  0.220 

*** Significant at 99%, ** Significant at 95%, * Significant at 90% 
(a) The alternative hypothesis that the post-Covid distribution shows a higher proportion of values to the 

left (negative values) than the pre-Covid distribution.  
 
Table D2: Quantile regression for the two methodologies to compute sentiment 
index 
 Quantile Regression 
 ratio over the total 

number of words 
ratio over connote 

terms 
 Test  p-value Test  p-value 

Spain -0.016 ** 0.035 -0.273 ** 0.020 
Germany -0.022 * 0.065 -0.207  0.348 

France -0.016 ** 0.018 -0.255 ** 0.048 
Italy -0.031 *** 0.000 -0.196 * 0.078 

Netherlands -0.011  0.444 0.026  0.858 

*** Significant at 99%, ** Significant at 95%, * Significant at 90% 
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outliers. The null hypothesis assumes equality of variance.   
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ANNEX E: Robustness analysis  

Figure E1: Sentiment Index distributions for different samples 

   
 
 
 
 
Figure E2: Wilcoxon Rank-Sum Test results for sample iterations 
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Figure E2: P-values for each sample iteration (Wilcoxon Rank Sum Test) 
 

 

 
Source: own elaboration, the chart shows the p-value distribution for each sample combinations and the mean. 
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ANNEX F: Positive and negative words in HE Dictionary
Negative words 

below obstacles 
challenge penalties 
challenged penalty 
challenges risk 
challenging risks 
decline risky 
declined shrink 
declines shrinking 
declining shrinks 
decrease shrunk 
decreased slump 
decreases slumped 
decreasing slumping 
depressed slumps 
deteriorate smaller 
deteriorated smallest 
deteriorates threat 
deteriorating threats 
difficult uncertain 
difficulty uncertainty 
disappoint under 
disappointed unfavorable 
disappointing unsettled 
disappointment weak 
disappoints weaken 
down weakened 
downturn weakening 
drop weakens 
dropped weakness 
dropping weaknesses 
drops worse 
fail worsen 
failing worsening 
fails worsens 
failure worst 
fall  
fallen  
falling  
falls  
fell  
hurdle  
hurdles  
least  
less  
low  
lower  
lowest  
negative  
negatives  
obstacle  
 

Positive Words 
above improvements 
accomplish improves 
accomplished improving 
accomplishes increase 
accomplishing increased 
accomplishment increases 
accomplishments increasing 
achieve larger 
achieved largest 
achievement leader 
achievements leading 
achieves leading 
achieving more 
beat most 
beating ncouraging 
beats opportunities 
best opportunity 
better pleased 
certain positive 
certainty positives 
definite progress 
deliver progressing 
delivered record 
delivering reward 
delivers rewarded 
encouraged rewarding 
enjoy rewards 
enjoyed rise 
enjoying risen 
enjoys rises 
exceed rising 
exceeded rose 
exceeding Solid 
exceeds Strength 
excellent Strengthen 
expand Strengthened 
expanded Strengthening 
expanding Strengthens 
expands Strengths 
expansion Strong 
good Stronger 
greater Strongest 
greatest Succeed 
grew Succeeded 
grow Succeeding 
growing Succeeds 
grown Success 
grows Successes 
growth Successful 
high Up 
higher  
highest  
improve  
improved  
improvement  
 

Modifiers 
ain't needn't 
aint needn’t 
aren't Neither 
arent Never 
can't No 
cannot Nobody 
cant None 
couldn't Nor 
couldnt Not 
daren't oughtn't 
darent oughtn’t 
didn't shan't 
didnt Shant 
doesn't shouldn't 
doesnt shouldn’t 
don't wasn't 
dont wasn’t 
hadn't weren't 
hadnt weren’t 
hasn't won't 
hasnt Wont 
haven't wouldn't 
havent wouldn’t 
isn't  
isnt  
mightn't  
mightnt  
mustn't  
mustnt  
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