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A B S T R A C T

The aim of this paper is to construct an alternative approach based on a sentiment index to
measure bank credit risk in European countries using an alternative approach instead of tradi-
tional measures. Specifically, we use Google data for a set of keywords related to bank credit risk
to capture investor sentiment. The resulting index shows a great similarity to traditional indexes
based on bank CDS. The out-of-sample analysis demonstrates that our sentiment index is helpful
for predicting bank credit risk during periods of financial distress, since it enhances the accuracy
of the estimations.

1. Introduction and related literature

The financial crisis that started in 2008 showed the importance of the financial sector in the development of the economy.
Citizens, companies and even sovereign states suffered the consequences of the financial turmoil. However, one positive lesson the
crisis provided was that it served as a turning point in the management of risk in the banking sector. The evaluation of credit risk has
become a crucial issue for financial markets. Since then, risks are more carefully evaluated and better proxied in multiple ways.

In this sense, there are two areas of the literature associated with bank credit risk assessment. The first area is related to financial
and economic variables. Regarding this area, the LIBOR-overnight index swap spread (LIBOR-OIS spread) and the CDS spreads
(Smales, 2016) are usually employed as measures of bank credit risk. The former is calculated as the LIBOR rate minus the overnight
index swap (OIS) to remove markets expectations about central banks policies (Smales, 2016). Thus, the resultant LIBOR-OIS spread
is a better proxy for bank credit risk that is usually employed in the literature during periods of financial turmoil (Aït-Sahalia et al.,
2012; Black et al., 2016). On the other hand, the CDS spreads represents the periodic rate a protection seller receives from a buyer for
transferring the risk of a credit event (Guesmi et al., 2018) and are commonly used in the literature as indicators of bank credit risk
(Avino and Cotter, 2014). Along these traditional indicators, other authors suggest that credit risk can be modeled by macroeconomic
factors (Yurdakul, 2014), since the weakening of the banks financial balance-sheet is also determined by macroeconomic factors in
addition to bank specific variables (Cucinelli et al., 2018).

An alternative area is related to investor sentiment literature. In this sense, Smales (2016) determines that the CDS spread is
significantly related to news sentiment. To this end, Smales constructs a sentiment variable that takes into account news related to
banks, sorting the news into positive, negative or neutral. The results indicate that there is a significant relationship between
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sentiment and CDS spread, although this relationship is asymmetric. Hence, the surges in the CDS spread are higher for negative news
than the reductions for positive news. Similarly, Beetsma et al. (2013) and Apergis (2015) analyze the effect of news on sovereign
CDS for peripheral countries. Both studies determine that bad news contributes to increased sovereign risk. These results are in line
with other researchers (Da et al., 2015; Tetlock, 2007) who state that negative events are more helpful than positive events in
identifying sentiments and generating a larger investor attention.

In this paper, we follow this latter area of research by deepening in the analysis of market investor sentiment and its relationship
to bank credit risk. Specifically, we use internet investor sentiment through Google data to create a sentiment index that allows us to
measure bank credit risk. Google data have frequently used in the literature to proxy investor sentiment in stock markets (Ben-
Rephael et al., 2017; Da et al., 2011; Da et al., 2015) and commodities markets (Han et al., 2017a, 2017b; Peri et al., 2014;
Vozlyublennaia, 2014) as well as for other macroeconomic variables, such as unemployment (D'Amuri and Marcucci, 2017; Fondeur
and Karamé, 2013; González-Fernández and González-Velasco, 2018). However, there is a lack of literature that addresses the
relationships among investor sentiment, Google data, and bank credit risk. In this sense, this paper adds to the literature by filling this
gap. The remainder of the paper unfolds as follows. Section 2 summarizes the data and the methodology. Section 3 shows the
empirical analysis and the main results. Finally, the last section concludes the paper and offers some implications for the results
obtained.

2. Data and empirical methodology

The aim of this paper is to construct a Google-based sentiment index to measure bank credit risk. Therefore, we first need to
ensure that this index is functional by relating it to a well-established measure of credit risk. Following the literature (Alemany et al.,
2015; Drago et al., 2017; Thornton and Tommaso, 2018), we proxy bank credit risk using CDS data. Namely, since the aim of our
paper is to construct a Google-based sentiment index, we use a CDS index for European banks. Specifically, we use the Europe banks
sector 5Y CDS Index. This index, constructed by Thomson Reuters Datastream, summarizes European bank CDS data representing an
equally weighted portfolio of the evolution of the more liquid bank CDS, i.e., 5-year. Therefore, we assume that this index sensibly
reflects bank credit risk.1

To approximate investor sentiment, we use the Google trends tool. Specifically, we use what is called Google search volume index
(GSVI hereinafter) which is commonly used in the literature, since it is the web browser with a large number of users. The GSVI is
constructed by dividing the number of searches s for a given keyword j V( )j t

s
, into a random sample of all searches V( )all t

s
, in the same

period t. Hence, it is worth noting that the GSVI does not represent the total number of searches, but it is rescaled into an index that
ranges between 0 and 100, with the latter representing the maximum level of attention for a given keyword Dergiades et al. (2015) as
shown in Eq. (1):

= ×GSVI
V
V r

100
*t

j t
s

all t
s
,

, (1)

Therefore, we obtain the GSVI for a set of keywords related to bank credit risk. First, we compile four primitive keywords which
reflect bank credit risk. This first selection is arbitrary as in previous studies (Dzielinski, 2012; Smith, 2012; Vozlyublennaia, 2014,
inter alia) but it intuitively reveals concerns about bank credit risk. These primitive keywords are bank credit risk, bank crisis, banking
crisis and European bank crisis. Following Da et al. (2015), the next step is to refine this primitive list of keywords by focusing on
Google top related searches, i.e., keywords that users who have searched for the primitive keywords are also interested in. The aim of
this step is to expand the number of keywords and cover all the possible terms related to bank credit risk. This procedure provides a
list of 74 keywords. Then, we retain only the keywords related to the goal of our paper2 and we remove those which are duplicated.
This step gives us a final list of 40 keywords, which are summarized on Panel A of Table 1.

Subsequently, we download the weekly data for the final keywords3 from January 2008 to December 2017 (520 weeks) and
winsorize the series at 5% (2.5 in each tail). The next step is to identify the specific keywords that better reflect investor sentiment to
bank credit risk. For this aim, we run backward rolling regressions of the GSVI for our 40 keywords on the Europe banks sector 5Y
CDS Index. We use a fixed rolling window of two years (104 weeks) for the regressions. Thus, the first regression includes the period
January 2008 to December 2009, and then the window moves one week ahead in both extremes. This procedure results in 417 rolling
regressions that allow us to determine the historical link (Da et al., 2015) between our keywords and bank credit risk. We select the
keywords with positive slopes, i.e., those that lead to an increase in bank credit risk, with a significant t-statistic (Table 1, Panel B).
The results indicate that there are six keywords that meet these requirements: crisis loan, Deutsche bank crisis, European bank crisis,
European banking crisis, European debt crisis and European sovereign debt crisis. We construct the sentiment index by aggregating the
GSVI for these keywords in a similar fashion as in Da et al. (2015) or Han et al. (2017b). Moreover, we also construct an index with

1 Smales (2016) determines that his news sentiment index is related to CDS spreads as a measure of bank credit risk. Therefore, we assume that our
Google-based sentiment index is also related to CDS data.

2 For instance, within the top related searches for bank crisis there are several related searches about the nullification crisis that took place in the
U.S. in the XIX century.

3 It is worth noting that Google trends data can slightly differ depending on the day that the search is conducted, since Google uses a random
sample in the denominator from Eq. (1) to increase response speed. To address this bias, we have collected the data on three different dates (March
14th, 15th and 16th, 2019) and averaged the data.
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the same keywords but without winsorizing the data and two other indexes using a principal components analysis (PCA) and re-
taining the first component (with and without previously winsorizing the data).

Table 2 shows the correlations between the sentiment indexes constructed and bank credit risk measured through the Europe
banks 5Y CDS Index. As it can be observed, the correlations between banks CDS and the sentiment index range between 0.63 and
0.69, and all the correlations are highly significant. From the four sentiment indexes, the first index, which uses aggregated win-
sorized data, shows the higher correlation to bank CDS. This sentiment index is represented in Fig. 1 with the dots indicating the
evolution without winsorizing the data. As shown, the evolution exhibits a similar pattern, especially during the maximum financial
distress period, i.e., between 2008 and 2013. All the indexes show a very similar pattern among themselves with almost no differ-
ences, since their correlations are over 90% in all cases.

3. Empirical results

We run regression models to test whether the sentiment indexes constructed can be helpful for short and long term predictions for
banks credit risk. We proxy banks credit risk through Europe banks sector 5Y CDS as in the previous sections. First, we perform an AR
(1) model by regressing the bank sector index on itself lagged one period, which represents the benchmark model with which to
compare the results. The coefficient for this benchmark is close to one, suggesting that it is a random walk process (Choi and
Varian, 2012). Hence, ex-ante expectations are that the benchmark is the best forecast for bank credit risk. In subsequent regressions,
we include the indexes constructed in Section 2.

Models 1 and 2 include the sentiment index constructed by aggregating the relevant keywords, and models 3 and 4 those con-
structed through PCA. The coefficients for the sentiment indexes are positive as assumed and significant in all the models, except for
model 3. The R2 and RMSE values slightly improve with the inclusion of the sentiment indexes. In light of the results from Table 3, the
constructed Google-based sentiment indexes seem to have some ability to predict bank credit risk. To confirm this observation, we
perform an out-of-sample evaluation analysis. For this purpose, we first estimate each model until the last week of December 2009,
and then a one-step-ahead forecast is created for the next week. We repeat this procedure until the end of the sample. Thus, our out-

Table 1
Keywords sample.a

Panel A. List of 40 keywords in alphabetical order

2008 crisis, 2008 banking crisis, bank credit crisis, bank crisis, Bank of America crisis, bank rate, bank risk management, banking crisis, banking crisis definition, banking crisis
UK, banking crisis US, banking regulation, central bank, counterparty credit risk, credit crisis, credit risk management, crisis loan, Cyprus banking, Cyprus banking crisis,
Deutsche bank credit risk, economic crisis, European bank crisis, European banking crisis, European Central Bank, European debt crisis, European sovereign debt crisis,
financial crisis, financial crisis 2008, global crisis, global banking crisis, global financial crisis, Irish banking crisis, interest rate risk, liquidity risk, risk management, the
banking crisis, US bank crisis, what is credit risk and World Bank crisis.

Panel B. Keywords with a significant historical relationship to Europe banks sector 5Y CDS
Keywords in alphabetical order Coefficient (Standard errors) T-statistic
Crisis loan 2.499 (0.920) 2.71⁎⁎⁎

Deutsche bank credit risk 3.560 (1.420) 2.51⁎⁎

European bank crisis 1.123 (0.492) 2.28⁎⁎

European banking crisis 1.197 (0.496) 2.41⁎⁎

European debt crisis 3.060 (0.897) 3.41⁎⁎⁎

European sovereign debt crisis 1.356 (0.474) 2.86⁎⁎⁎

The table shows the list of 40 keywords related to bank credit risk in Panel A, and the list of those keywords that show a larger average coefficient
with a significant t-statistic in Panel B. Average robust standard errors are shown in parentheses.

⁎⁎ significant at the 0.05 level.
⁎⁎⁎ significant at the 0.01 level.
a All the searches have been performed using lowercase letters since we assume that people use nonstandard spelling when performing the

searches and the most frequently bias involves the omission of capital letters (Lyddy, Farina, Hanney, Farrell, and Kelly O'Neill, 2014). There are no
relevant differences in Google data depending on whether we use only lowercase letters or the right spelling. For grammatical purposes we use the
right spelling along the paper.

Table 2
Correlations between Europe banks sector 5Y CDS and Google-based sentiment indexes.

(1) (2) (3) (4) (5)

1- Europe banks sector 5Y CDS 1.00
2- Sentiment Index 0.69*** 1.00
3- Sentiment Index (no winsorization) 0.67*** 0.99*** 1.00
4- Sentiment Index PCA 0.64*** 0.95*** 0.94*** 1.00
5- Sentiment Index PCA (no winsorization) 0.63*** 0.93*** 0.91*** 0.99*** 1.00

The table displays the pairwise correlations between the Europe banks sector 5Y CDS Index form Thomson Reuters Datastream and the Sentiment
indexes constructed based on Google data.
***significant at the 0.01 level.
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of-sample data covers the period 2010 to 2017. Within this time span, we consider different subperiods to forecast two shorts samples
and a long sample. Specifically, we consider the period of maximum financial distress from January 2010 to December to 2012 and a
stabilization phase from January 2013 to December 2017 as short samples, and the entire time horizon (January 2010 to December
2017) as a long sample. Ex-ante expectations are for a better prediction of the sentiment index on bank credit risk in the short sample
of high distress (January 2010 to December 2012), since previous research highlights that Google data better reflect investor sen-
timent in negative events.

Table 4 reports the results for the out-of-sample estimations. Regarding the entire time horizon, we can observe that the forecasts
for the benchmark are slightly better than those including the sentiment indexes. However, the Diebold and Mariano (1995) test
indicates that there are no significant differences between the forecasts. Hence, the inclusion of the sentiment indexes does not
worsen the predictions. Similar results occur during the stabilization phase (January 2013 to December 2017) in which the
benchmark outperforms the models with the sentiment indexes but with small or no significance. On the other hand, during the
period of maximum financial distress, the models that include sentiment indexes outperform the benchmark4 as expected. Moreover,
these differences are significant for all the models indicating that the accuracy of the prediction significantly enhances, including our
Google-based sentiment index.

Fig. 1. Evolution of the sentiment index and Europe Banks CDS Index 5Y.

Table 3
Regression analysis.

Benchmark Model 1 Model 2 Model 3 Model 4

Europe banks sector 5Y CDS Index t-1 0.980*** 0.961*** 0.961*** 0.969*** 0.966***
(0.011) (0.013) (0.012) (0.012) (0.012)

Sentiment indext 0.051**
(0.021)

Sentiment index (no winsorization)t 0.049**
(0.019)

Sentiment index PCAt 1.135
(0.692)

Sentiment index PCA (no winsorization)t 1.427*
(0.729)

Constant 4.683** 2.666 2.778 7.223*** 7.884***
(2.321) (2.503) (2.472) (2.672) (2.677)

R2 0.9652 0.9656 0.9657 0.9654 0.9655
RMSE 19.182 0.995 0.994 0.998 0.996

The table shows the regressions for the benchmark and the rest of the models. Models 1 and 2 represent the sentiment index constructed by
aggregation of the relevant keywords. Models 3 and 4 are the sentiment index constructed by PCA. For the benchmark model, the actual RMSE is
exhibited while, for the rest of the models, we report the ratio of the competitor's model and the benchmark. Therefore, whether the RMSE is below
one, it indicates that the prediction improves the benchmark and vice versa.
*significant at the 0.10 level; **significant at the 0.05 level; ***significant at the 0.01 level.

4 The results are robust for shorter time horizons within the period January 2010 to December 2012 in which bank credit risk has been more
volatile.
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In summary, the presented results are in line with previous literature that underlines the ability of Google data to measure
investor sentiment, especially during negative events and in the presence of bad news (Apergis, 2015; Beetsma et al., 2013; Smales,
2016). Here, we prove this behavior regarding bank credit risk. Thus, we confirm that our Google-based sentiment indexes improve
the forecast in periods in which bank credit risk is facing complications, and their inclusion does not significantly worsen the results
in other long and short samples.

4. Conclusions and implications

This paper studies the ability of an alternative approach based on a Google-based sentiment index to predict bank credit risk in
Europe measured using European banks CDS data. In this sense, the contribution of this paper is twofold. First, we construct a
sentiment index to measure investor sentiment towards bank credit risk using Google data. For this purpose, we select those Google
searches that better reflect investor sentiment and use them to construct the index. Second, we test the ability of the constructed
Google-based sentiment index to predict bank credit risk through regression analysis and out-of-sample procedures. The empirical
results show that the sentiment index exhibits a high correlation to bank CDS, and its inclusion in the regression analysis slightly
enhances the estimations. Moreover, the out-of-sample process indicates that, overall, the presence of the sentiment index does not
significantly worsen the benchmark results, and on the other hand, it significantly enhances the forecast accuracy in periods of
financial instability.

These empirical findings may have important implications for banks to assess credit risk, since Google data is easily available and
has the advantage that it is more transparent than other alternatives for measuring investor sentiment (Da et al., 2015). Thus, these
data can be used by banks and financial authorities to construct their own credit risk models. The inclusion of investor sentiment
measures will allow banks and financial authorities to anticipate changes in bank credit risk, which should be especially noteworthy
during episodes of turmoil.
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