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Abstract 

This paper investigates the ECB’s Corporate Sector Purchase Programme’s (CSPP) impact on European corporate 

bonds’ credit and liquidity risks and real economic activity. The results show that the CSPP’s announcement (“stock 

effect”) lowered the credit spread of eligible corporate bonds, measured by the G-spread, by ten basis points (bps) or 

9.8%. The liquidity of eligible bonds also improved as their scaled bid-ask spread decreased by 2.6 bps or 4.6%. 

Moreover, for every 1 billion euros of ECB corporate bond monthly purchases (“flow effect”), the scaled bid-ask 

spread of eligible bonds declined by 0.6 bp from June 2016 to December 2018. As for economic activity, QE’s stock 

effect raised corporate debt – mainly for German firms – and the stock and flow effects stimulated dividend spending, 

especially for German and French firms. These results indicate that QE initially improved corporate bond operations 

and encouraged borrowing. Moreover, the CSPP continued to boost the liquidity of corporate bonds and dividend 

expenditure throughout its implementation, but not investment. Therefore, QE had limited success in stimulating 

economic activity.    
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1. Introduction 

The European Central Bank (ECB) initiated the Corporate Sector Purchase Programme (CSPP) to 

boost market liquidity, lower corporate borrowing costs, and stimulate investment spending (see 

Appendix A). In addition, it aimed to encourage investors to shift towards riskier assets with higher 

expected returns – via the portfolio rebalancing channel. This paper investigates whether this 

programme reached these goals.     

The CSPP was announced in March 2016 as part of the ECB’s Quantitative Easing (QE) operations 

and started in June 2016. Initially, it was planned to last less than a year1 but eventually continued 

until December 20182. Since the programme lasted longer than initially announced, studying 

corporate bond purchases’ impact on debt markets and real economic activity could shed light on 

the role of maintaining and expanding QE operations. In short, I investigate whether the CSPP 

affected bond markets and corporate activity not only by influencing market expectations but also 

via its purchases.          

Several papers have examined whether QE improved corporate bond markets’ functionality and 

its impact on bank lending and corporate behavior. However, QE’s effect on markets and economic 

activity has not been thoroughly researched beyond its initial impact on market expectations.  

To evaluate the CSPP’s transmission to debt markets and corporate activity, I investigate its “stock 

effect” and “flow effect”3. The former refers to QE’s initial impact on market expectations, and 

the latter investigates the effect of corporate bond purchases. This paper focuses on the liquidity 

risk, credit risk, and portfolio rebalancing channels4. I study corporate bonds’ scaled bid-ask spread 

for the liquidity channel, and nominal spread (G-spread) for the credit risk channel. For the 

portfolio rebalancing channel, I compare QE’s impact on risky instruments, such as ineligible 

bonds and low-investment grade bonds, relative to eligible and high-investment grade bonds.  

To identify QE’s transmission to the corporate bond market, I compare the programme’s impact 

on corporate bonds eligible under the CSPP (the treatment group) relative to ineligible Euro-

denominated bonds (the control group). Using a difference-in-difference (DD) methodology, I test 

QE’s stock effect on corporate bonds and its transmission heterogeneity based on credit rating. For 

the CSPP’s flow effect, I examine the marginal impact of the ECB’s monthly corporate bond 

purchases on corporate bonds’ credit and liquidity risks. For these analyses, I use monthly data on 

European non-financial corporations’ (NFCs) bonds from October 2015 to December 2018.  

                                                             
1 The programme was supposed to last from June 2016 to March 2017. During this time, the ECB purchased 75.4 billion euros 
worth of corporate bonds. This amount represents nearly 42% of the total corporate bonds purchased from 2016 to 2018.   
2 Since then, it was restarted in late 2019. 
3 A distinction first introduced by D’Amico and King (2013) in the context of evaluated central banks’ asset purchases. They used 
distinction to investigate the Federal Reserve’s treasuries purchase programme 
4 Quantitative easing’s (QE) transmission mechanism could operate through several channels. For further details see Vissing 
Jorgensen and Krishnamurthy (2011). 
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Similarly, I investigate QE’s impact on real economic activity, such as NFCs’ debt, dividends, and 

investment, gathered from European NFCs' quarterly financial reports from 2015 to 2018. To test 

the CSPP’s stock effect on corporate variables, I utilize a DD method and compare QE’s impact 

on NFCs with eligible bonds (the treatment group) relative to European firms with ineligible bonds 

or no public debt (the control group). Furthermore, I examine the impact of the ECB’s corporate 

bond purchases on corporate activity for QE's flow effect. Finally, I conduct a country-specific 

analysis of QE’s impact on corporate debt and capital allocation.  

This paper contributes to the literature by identifying and quantifying the CSPP’s stock and flow 

effects on corporate bonds’ credit risk, liquidity, and corporate activity. It also analyzes QE’s 

transmission heterogeneity.  

The results show that the CSPP announcement (stock effect) reduced the G-spread by ten basis 

points (bps) or 9.8% of eligible corporate bonds, and their scaled bid-ask spread by 2.6 bps or 

4.6%. Furthermore, it decreased low-investment grade (BBB- to BBB+) credit spread more than 

high-investment grade (A- or higher). The CSPP also reduced credit spreads for low-investment 

grade and ineligible bonds; this result suggests QE improved riskier assets’ pricing relative to high-

investment grade bonds and eligible bonds via the portfolio rebalancing channel. In addition, the 

ECB’s corporate bond purchases (flow effect) reduced the scaled bid-ask spread by 0.6 bp for 

every 1 billion euros monthly bond purchases.  

As for corporate data, the CSPP’s stock effect lowered NFCs’ borrowing costs and raised their 

debt, especially for German firms. Conversely, QE’s stock effect did not decrease Italian firms’ 

debt costs or raise their debt. The programme’s stock and flow effects encouraged dividend 

spending, especially for German and French firms, but did not stimulate capital spending. 

These results demonstrate that the CSPP’s stock effect improved corporate bonds’ credit and 

liquidity risks and encouraged borrowing, and QE’s flow effect mainly raised the liquidity of 

bonds. On the other hand, the CSPP, via the stock and flow effects, was unsuccessful in stimulating 

investment and only boosted dividend expenditure – thus indicating QE had limited success in 

stimulating real economic activity.    

The remainder of the paper is organized as follows: Section 2 reviews the literature on this subject. 

Section 3 presents the data. Section 4 describes the econometric methodology used, whereas, in 

Section 5, I report the empirical results. Finally, in Section 6, I discuss the results and provide 

several concluding remarks.  
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2. Literature on the effect of corporate purchase programs 

This paper relates to the growing literature evaluating the ECB’s corporate bond purchases. Papers 

by Todorov (2020) and Zaghini (2019) have studied the CSPP’s short-term effects on bond prices 

and liquidity by utilizing a DD estimation. Todorov examines daily data around the CSPP 

announcement (January to June 2016) and finds that initially, QE reduced bond yields and 

corporations’ liquidity costs. Moreover, the paper shows that the portfolio rebalancing channel had 

limited success – mostly limited to eligible bonds – in shifting investors towards riskier assets. 

Conversely, Zaghini finds further evidence for the portfolio rebalancing channel as QE encouraged 

eligible and ineligible bond issuance. The paper analyzes quarterly data of corporate bonds’ asset-

swap spread and concludes that QE significantly reduced eligible corporate bond yields between 

June 2016 and June 2017. While Zaghini’s paper tests a broader window than Todorov’s, they 

examine the impact of the CSPP on market expectations and focus on the immediate period after 

the QE announcement.  

In addition, these papers face a couple of identification issues that could have affected their results. 

First, they do not account for changes in the ECB’s policies5 and their potential effects on corporate 

bond pricing. Second, they may suffer from omitted variable bias and endogeneity issues because 

they do not control other central banks’ policies that may have spilled over to European bonds6.  

Unlike Todorov and Zaghini, Mäkinen et al. (2020) estimate the ECB’s corporate bond purchases’ 

impact (flow effect) on the bond yield spread, measured by the option-adjusted spread, from 2016 

to 2018. They find that QE did not significantly affect eligible bond spreads more than ineligible 

bond spreads. However, their analysis is limited to bonds' credit risk and does not evaluate changes 

to bonds’ liquidity risk or corporate economic activity. Their research also does not evaluate or 

compare the stock and flow effects.   

One of CSPP’s goals is to stimulate corporate investment7 by, for example, reducing debt costs, 

which, in turn, should raise firms’ return on investment. However, the literature has shown mixed 

results on the programme’s success. In the short term, Arce et al. (2018) find that QE raised 

Spanish firms’ investment spending. Ferrando et al. (2019) and Demertzis and Wolff (2016) also 

conclude that the CSPP encouraged corporate investment8. On the other hand, Todorov (2020) 

shows that QE raised dividends and debt but not capital expenditure based on data from the first 

                                                             
5 The ECB implemented several policies when the CSPP was launched. Such policies include buying government bonds under the 
Public Sector Purchase Programme (PSPP) and cutting the deposit facility rate by 10-basis points on March 10th, 2016. 
6 Specifically, the Bank of England slashed its interest rates by 25-basis points in August 2016 following the United Kingdom 
European Union membership referendum on June 23rd, 2016 (Brexit). Meanwhile, the Federal Reserve tightened its monetary 
policy by raising rates and tapering its asset purchase programs. On this point, several recent papers have shown possible spillover 
effects from the Federal Reserve’s policies to foreign bond pricing (see Alpanda and Kabaca (2015), Albagli et al. (2019), and 
Gilchrist et al. (2018)). 
7 Choi et al. (2016) identify two potential inefficacies that could arise from stimulative monetary policy, “investment inefficiency” 
– where low productive firms ramp up investments – and “hoarding inefficiency” – where high productive firms hoard cash. 
8 Acharya et al. (2019) show that firms that received bank loans from the Outright Monetary Transactions did not invest more but 
rather hoarded cash. 
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three quarters of 2016. However, these short-term analyses may not fully measure QE’s 

transmission. Since firms make investment decisions over a long-term horizon, QE’s transmission 

to investment may lag and not become apparent in the short-term data. Therefore, a multiyear 

analysis is more appropriate to evaluate QE’s impact on corporate investment spending.  

A recent paper by De Santis and Zaghini (2021) tests the CSPP’s long-term effect from 2014Q1 

to 2019Q2 on corporate investment, dividends, and debt. They show that the programme boosted 

capital spending9, and raised bond issuance. However, their DD estimations may face a serial 

correlation problem that tends to occur in long-term DD estimations, as first identified by Bertrand 

and Mullainathan (2004). Moreover, investment spending may have reacted to other events outside 

of QE’s timeframe, suggesting a violation of one of DD’s estimation assumptions, the stable unit 

treatment value assumption (no spillover effects). For example, investment mostly rose in 2014-

2015 – before the QE’s announcement – and in 2019, after QE ended (see Appendix B, Figure 

B1). Therefore, I suspect their DD estimations identify that QE raised investment during these 

years, even though it did not. To identify QE’s transmission and test the results’ robustness, I 

analyze different timeframes and discuss these issues in detail in Section 5.2 (Table 8).    

Several papers study the CSPP’s impact on bond issuance and bank lending: Grosse-Rueschkamp 

et al. (2019) show that companies whose bonds were eligible under the programme lowered their 

bank loan holdings in exchange for borrowing in the bond market. The European Commission 

report (November 2017) also finds that firms whose bonds were eligible under the CSPP issued 

bonds in exchange for bank loans. According to Grosse-Rueschkamp et al., since firms whose 

bonds the ECB purchased swapped their bank loans for bonds, banks started to offer riskier loans 

to ineligible firms, such as small and medium-sized enterprises (SMEs). As a result, the liquidity 

of ineligible firms, mainly SMEs, improved. Arce et al. (2018) reach a similar conclusion for 

Spanish companies, i.e., the CSPP has “crowded in” bank loans to SMEs because of banks’ higher 

liquidity and softer demand for loans from eligible firms. In this process, banks raised their 

leverage and sought out higher risk (see also DellʼAriccia et al. (2014) and Jiménez et al. (2014)). 

Bartocci et al. (2017) show that the CSPP raised bank lending to the non-financial sector. However, 

their focus is on QE’s impact on macroeconomic variables (e.g., GDP, inflation). Montagna and 

Pegoraro (2019) find that the CSPP led to a short-term rally in bond prices for firms exposed to 

higher risk; nonetheless, these firms did not raise their leverage. 

Finally, Arce et al. (2017, 2018) and Abidi and Ixart (2018) focus on the CSPP’s impact on Spanish 

firms’ bond yields, bond issuance, and the bank lending channel. Here, I expand their work to 

include firms from all European countries and conduct a cross-country analysis of the largest 

economies. CSPP’s transmission mechanism could have operated differently in Spain than in other 

                                                             
9 Cohen et al. (2019) also concluded that the ECB’s balance sheet related programmes stimulated corporate investments over the 
long term. 

https://ec.europa.eu/info/sites/info/files/171120-corporate-bonds-analytical-report_en.pdf
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European countries due to the country’s characteristics – such as sector composition10, 

macroeconomic conditions, debt markets’ maturity 11, and banks’ chance of default12– that could 

affect bond market operations and corporate activity.  

3. Data and descriptive statistics  

The sample includes only bonds of NFCs with headquarters in the European Union. Data on the 

end of trading day corporate bond spreads were collected from the Bloomberg Terminal database. 

Bonds are listed on the secondary bond market (identified by ISIN) with at least 80% available 

data in the tested period. Bonds have a Bloomberg Valuation13 (BVAL) Score of 6 or higher.  

 

The data are divided into a treatment group and a control group. For bonds, the treatment group 

includes eligible bonds under the CSPP (eligible bonds). The control group consists of European 

NFCs’ bonds (denominated in Euro) that are ineligible under the CSPP (ineligible bonds).   

 

The list of eligible bonds was obtained from the ECB and the Bloomberg Terminal databases. The 

ECB has published the volume of purchases and bond holdings every week14. With their database, 

I identified the bonds purchased. From the Bloomberg database, I extracted CSPP-eligible 

European NFCs Euro-denominated bonds that were not acquired. These bonds were not purchased, 

perhaps due to liquidity issues (this sub-group is the minority of the eligible bonds in the sample 

(less than 10%); for further details on this subject, see Appendix A). These two data sets comprise 

all eligible bonds in the sample. The control group includes ineligible European NFCs’ bonds 

(Euro denominated) with maturities lower than six months or higher than 30 years or non-

investment grade bonds or bonds with no credit rating. 

Data include closing values (end of the trading day) at the end of each month of 1,310 bonds’ G-

spreads for the corporate credit risk premia, of which 1,030 bonds are eligible and 280 bonds are 

ineligible. The G-spread measures the difference between corporate bond yield and the interbank 

euro rate (Euribor) for the same maturity. For example, a G-spread of a 2-year maturity corporate 

bond is the difference between its yield and a 2-year Euribor rate.  

 

 

                                                             
10 For example: Spain’s Industry-to-GDP ratio is 20% (2018 figures). While Italy and France’s ratios are similar at 21.4% and 
16.9%, respectively, Germany’s ratio is much higher at 27.5%. Source of data: 
https://www.theglobaleconomy.com/rankings/Share_of_industry/ 
11 Holm-Hadulla and Thürwächter (2020) find that among Euro Area countries, variance in corporate financing structure explains 
the heterogeneity in the monetary policy transmission. 
12 For example: As of 2017, Spain’s banking system z-score is 18.12 whereas Germany, France, and Italy’s score is 26.4, 25.5, and 
12.1, respectively. Source of data: https://www.theglobaleconomy.com/rankings/bank_z_scores/ 
13 The BVAL Score evaluates securities’ price accuracy based on Bloomberg’s calculations with a Score range from 1 to 10. 
Scores above 6 are considered reliable.       
14 The data on the ECB purchases include bond names, see: 
https://www.ecb.europa.eu/mopo/implement/omt/html/index.en.html#cspp 

https://www.theglobaleconomy.com/rankings/Share_of_industry/
https://www.theglobaleconomy.com/rankings/bank_z_scores/
https://www.ecb.europa.eu/mopo/implement/omt/html/index.en.html#cspp
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–  Insert Figure 1 here – 

Figure 1 shows that the G-spreads of eligible and ineligible bonds declined up to early 2018, and 

since then, they rose throughout most of 2018 and early 2019.  

For the liquidity risk, I use the scaled bid-ask spread – the difference between the bid and ask 

prices divided by the mid-price (BA=
𝐴𝑠𝑘−𝐵𝑖𝑑

𝑀𝑖𝑑
). It estimates corporate bonds' trading costs. Data 

include 1,342 bonds’ bid-ask spreads. Of them, 1,054 are eligible bonds, and 288 are ineligible.   

–  Insert Figure 2 here – 

Figure 2 presents the means of eligible and ineligible bonds’ scaled bid-ask spreads. These spreads 

declined throughout most of 2017-2018 and rose by the second half of 2018.  

I conducted a DD analysis for the stock effect from October 2015 to August 2016. Since the CSPP 

was first announced in March, the chosen time frame is symmetrically five months before and after 

its announcement.   

The flow effect study is divided into three-time segments based on the monthly average of the 

CSPP’s bond purchases that were revised each year. From June 2016 to March 2017, the ECB 

purchased a monthly average of 7.5 billion euros worth of bonds. Then, from April 2017 to March 

2018, the monthly bond purchase pace declined to 6.1 billion euros. Finally, from April 2018 to 

December 2018, the ECB bought only 3.3 billion euros worth of bonds each month.      

The corporate variables15 analyzed are quarterly data of capital spending, dividends, cash & short-

term investment, total debt, long-term debt, and cost of debt (as measured by Bloomberg). Data 

include quarterly data as presented in firms’ financial reports. Variables' names and their sources 

are in Appendix C. Here too, data are obtained from the Bloomberg Terminal database. Again, 

firms are divided into a treatment group and a control group. The former includes 225 publicly 

traded European NFCs whose bonds were purchased by the ECB or eligible bonds that were not 

purchased (eligible firms). The latter consists of 110 publicly traded European NFCs with no 

public debt or whose bonds were ineligible under the CSPP but similar to the eligible firms in 

market capitalization and industry (ineligible firms). In the end, the data consist of 335 NFCs (both 

groups). 

The tested period for the stock effect analysis is from 2015Q3 to 2017Q1 – symmetrically three 

quarters before and after the CSPP announcement. The flow effect’s period is 2017Q1-2018Q4.  

Table 1 presents the central tendency and dispersions of the main bond and corporate variables.  

–  Insert Table 1 here – 

 

                                                             
15 As for subsidiaries whose primary purpose is financing the parent company’s operations, I used the parent company’s data.    
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Based on Table 1, the central tendency and standard deviation of eligible bonds’ spreads (G-spread 

and bid-ask spreads) are lower than ineligible bonds’ spreads. This difference indicates that 

ineligible bonds have higher dispersion, liquidity risk, and credit risk than eligible bonds have. As 

for corporate data, eligible firms appear, on average, larger in terms of assets than ineligible firms. 

However, once I control for firm sizes (such as capital spending-to-assets), the median difference 

between the two types of firms is relatively small. 

Table 1 (panel B) includes a breakdown of the main tested variables’ descriptive statistics divided 

by country of origin. Ineligible bonds have a higher average time to maturity relative to eligible 

bonds – an expected result considering one of the CSPP’s criteria is a 30 years limit on a bond's 

time to maturity. In addition, on average, 68.1% of the eligible bonds have an investment grade 

(BBB- or higher), while only 32.8% of ineligible bonds have such a credit rating. As for corporate 

data, the largest group is “other European countries”, with 146 firms (eligible and ineligible NFCs) 

or 43.6% of the treatment and control samples combined, followed by French firms with 76 NFCs 

or 22.7%. Spanish firms only include 22 NFCs or 6.6%.   

4. Econometric methodology 

This section outlines the paper’s econometric framework. Subsection 4.1 outlines the methods 

used for bonds and Subsection 4.2 for corporate data.  

4.1. Bonds’ credit and liquidity risks 

To investigate the CSPP’s credit risk channel, I study corporate bonds’ G-spread16 , and for the 

liquidity risk channel17, I analyze bonds' scaled bid-ask spread.  

To estimate QE’s stock effect on bonds’ credit and liquidity spreads, I utilize a DD methodology 

and estimate the following regression:  

𝑦𝑖,𝑡 = 𝛽0,𝑗,𝑖+𝛽1(𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒 𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡)+𝛽2(𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡) + 𝛽3𝑋1𝑡−1+𝛽4𝑋2𝑖,𝑡 + 𝜀𝑖,𝑡                            (1) 

Where yi,t denotes corporate bond i’s G-spread, and bid-ask spread at time t, where the frequency 

of the data is monthly. 𝑃𝑜𝑠𝑡𝑡  is a dummy variable for a period after the announcement (equals 1 

for March to August 2016 and 0 otherwise). 𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖  is a dummy variable for eligible bonds (1 for 

eligible and 0 for ineligible bonds) and 𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 is a dummy variable for ineligible bonds (1 for 

ineligible and 0 for eligible bonds).  

The control variables include monetary and market variables, bond characteristics, and credit 

rating. Specifically, 𝑋1𝑡−1 comprises a vector of variables (all lag by one period) that could have 

                                                             
16 The identification of the risk premium of corporate bonds as the market price of credit risk was first made by Fisher (1959). 
17 For further reading on the liquidity risk channel see Drechsler et al. (2014) and Bianchi and Bigio (2014). 
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affected bonds’ risk premium and liquidity cost18. The ECB’s monetary policy’s related variables 

include the ECB’s purchases of government bonds under the Public Sector Purchase Programme 

(PSPP), the log of accumulated purchases of its corporate and sovereign debt under the CSPP and 

PSPP, and the 1-week Euribor. For volatility-related control variables, I used Stoxx600’s 30-day 

implied volatility and the 30-day Euro implied volatility (EVZ). To control for developments in 

monetary policies and political events outside the European Monetary Union (EMU) that may have 

affected European corporate bond spreads and firms’ activity, the 𝑋1𝑡−1 vector also includes the 

Federal Reserve’s shadow rate (to control for potential pass-through of the Federal Reserve’s 

monetary policy to European financial markets), and the British pound’s 30-day implied volatility 

(to control spillover from the United Kingdom European Union membership referendum vote on 

June 23rd, 2016, and changes to the Bank of England’s monetary policy). 𝑋2𝑖,𝑡 includes the bonds’ 

age (in years). I also added dummy variables based on bonds’ credit grades. Credit rating is divided 

into AAA to A- rating (denoted as “AAA to A”) and BBB+ to BBB- (denoted as “BBB”). All the 

regressions consist of 𝛽0,𝑗,𝑖 for fixed effects by country of origin and credit rating (Country of origin 

X Credit rating) to control heterogeneous sources in the bonds.   

Next, the flow effect regression is:  

𝑦𝑖,𝑡 = 𝛽0,𝑗.𝑖 + ∑ 𝛽1,𝑗𝑌𝑒𝑎𝑟𝑗
𝑗=2018
𝑗=2016 + ∑ 𝛽2,𝑗(𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡))

𝑗=2018
𝑗=2016 + ∑ 𝛽3,𝑗(𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡))

𝑗=2018
𝑗=2016  +𝛽4𝑋1𝑡−1 + 𝛽5𝑋2𝑖,𝑡 + 𝜀𝑖,𝑡                            (2) 

As in Equation (1), the yi,t is the G-spread and the bid-ask spread (monthly frequency). The 

𝐶(𝐶𝑆𝑃𝑃𝑡) is the ECB’s monthly corporate bond purchase. Moreover, much like in (1), I included 

dummy variables for the eligible firms (𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖)
19, and ineligible firms (𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖)

20. The 𝑋1𝑡−1 

vector includes macroeconomic and monetary policy control variables (all lag by one period)21, 

and  𝑋2𝑖,𝑡 is bond i’s age (in years). To analyze the variance over time in the CSPP’s bonds 

purchases, I divided the coefficients as follows: June 2016-March 2017 represents the first period 

and is denoted as “2016”. The second period is from April 2017 to March 2018 and is denoted as 

“2017”. Finally, the third period is from April 2018 to December 2018 and is denoted as “2018”. 

The 2016 period is omitted to avoid perfect multicollinearity. All the regressions have 𝛽0,𝑗,𝑖 for 

fixed effects by country of origin, year, and credit rating (Country of Origin X Year X Credit 

Rating).    

Finally, I also estimate the following linear regression:  

𝑦𝑖,𝑡 = 𝛽0,𝑗.𝑖+𝛽1,𝑗(𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡)) + 𝛽2,𝑗(𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡)) +𝛽3𝑋1𝑡−1 + 𝛽4𝑋2𝑖 ,𝑡−1 + 𝜀𝑖 ,𝑡                            (3) 

                                                             
18 For further reading, see Elton et al (2001), Collin-Dufresne et al (2001), and for papers on the analysis of risk premium for euro-
bonds see Sironi (2003) and Zagahini (2016). 
19 This variable’s value is 1 for eligible firms and 0 otherwise.   
20 This variable’s value is 1 for ineligible firms and 0 otherwise.   
21 Control variables include lagged by one period of each 1-week Euribor (dif.), Fed’s shadow rate (dif.), ECB’s PSPP (dif.), and 
log of ECB’s accumulated CSPP and PSPP, volatility of Euro (EVZ), and Stoxx600 30-Day implied volatility. 
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Here, I estimate corporate bond spreads (using monthly data) without separating each year to 

provide a linear analysis of the QE’s impact on bond pricing for implementing the corporate bond 

purchase scheme. The control variables are the same as in Equation (2).  

4.2. Corporate variables  

To estimate the CSPP’s stock effect on corporations’ real activity, I utilize a similar DD estimation 

as in Equation (1). Here, 𝑦𝑖,𝑡 stands for firms’ capital expenditure, cash and short-term investment, 

dividend, total debt, long-term debt, and cost of debt.   

Postt is a dummy variable for the CSPP event (from 2016Q2 and onwards, it equals 1 and 0 

otherwise); 𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 stands for eligible firms, i.e., firms whose bonds were eligible to be 

purchased under the CSPP (1 for eligible firms and 0 otherwise) and 𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 is a dummy 

variable of ineligible firms – European NFCs whose bonds were not eligible under the CSPP or 

did not issue public debt (1 for ineligible firms and 0 otherwise). The 𝑋1𝑡−1
22 is a vector of 

monetary policies and macroeconomic control variables (lag by one period), and 𝑋2𝑖,𝑡−1 represents 

firm i’s log of assets, the weighted average cost of capital (WACC), return on assets (ROA), and 

net profitability (all lagged by one period). The tested period is from 2015Q3 to 2017Q1.  

For the flow effect analysis, I estimate the following regression:  

𝑦𝑖,𝑡 = 𝛽0,𝑗.𝑖+ ∑ 𝛽1,𝑗(𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡))
𝑗=2018
𝑗=2017 + ∑ 𝛽2,𝑗(𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡))

𝑗=2018
𝑗=2017  +𝛽3𝑋1𝑡−1 + 𝛽4𝑋2𝑖,𝑡−1 + 𝜀𝑖,𝑡                   (4) 

The 𝐶(𝐶𝑆𝑃𝑃𝑡) stands for the CSPP’s quarterly purchases and 𝑦𝑖,𝑡 stands for the examined firms’ 

finances, and the data frequency is quarterly. I also divided the time coefficients into the years 

2017 and 2018 and denoted them accordingly. Moreover, the 𝑋1𝑡−1 vector includes control 

variables related to monetary policies and macroeconomic conditions (the same as in the stock 

effect analysis) and the 𝑋2𝑖,𝑡−1 vector stands for corporate characteristics23. The sampled period 

is from 2017Q1 to 2018Q4. 

Finally, the stock and flow regressions include 𝛽0,𝑗,𝑖 for country of origin, industry, and credit rating 

fixed effects.     

5. Empirical results 

5.1. Stock and flow effect on bonds 

I start by presenting in Table 2 the stock effect results (based on Equation (1)) for the bonds’ G-

spread and bid-ask spread.  

                                                             
22Control variables include lagged by one period of each 1-week Euribor (dif.), Fed’s shadow rate (dif.), EMU’s inflation, and log 
of the ECB’s PSPP. 
23 These firm-specific variables include lagged by one period of each, return on assets (dif.), WACC, profitability, and log of assets. 
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To interpret the stock effect results, note that the marginal impact of the CSPP on eligible bonds 

is the 𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖𝑋𝑃𝑜𝑠𝑡𝑡 coefficient, and the 𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖𝑋𝑃𝑜𝑠𝑡𝑡 coefficient represents QE’s marginal 

effect on ineligible bonds. Thus, if the 𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖𝑋𝑃𝑜𝑠𝑡𝑡 coefficient is significant and the 

𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖𝑋𝑃𝑜𝑠𝑡𝑡 is not, the CSPP only affected eligible bonds. Conversely, if the 𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖𝑋𝑃𝑜𝑠𝑡𝑡  

coefficient is significant and the 𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖𝑋𝑃𝑜𝑠𝑡𝑡 is not, the CSPP only impacted ineligible bonds. 

–  Insert Table 2 here – 

Based on the results (column (1)), the announcement reduced eligible bonds’ G-spread by 10.4 

bps or 9.8% (based on eligible bonds’ average of 105.9 bps from January to October 2015) and 

ineligible bonds’ spread by 24.3 bps or 9%. In addition, the CSPP lowered eligible bonds’ bid-ask 

spread (column (3)), on average, by 2.6 bps or 4.6% (based on eligible bonds’ average of 55.8 bps 

from January to October 2015). In contrast, ineligible bonds’ spread did not decline.  

These findings suggest that the stock effect decreased eligible bonds’ credit and liquidity risks. 

Moreover, it had a similar impact on eligible and ineligible bonds’ credit risk, at least percentwise.      

Table 2 also reports the breakdown of the QE’s stock effect based on bonds’ credit rating. Here, 

bonds are divided into high-investment grade ratings from AAA to A- (“AAA to A-”) and low-

investment grades from BBB+ to BBB- (“BBB”). As seen, for high-investment grades, the CSPP 

(column (2)) reduced eligible bonds’ G-spread by 5.5 bps (-10.9+5.4) or 6.8%, and ineligible 

bonds’ spread by 15 bp or 9.7%. In addition, QE lowered eligible bonds’ G-spread by 13.6 bps or 

10.9% for low-investment grades and ineligible bonds’ spread by 26.6 bps or 8.6%. Based on these 

results, among eligible bonds, QE had a more substantial impact on low-investment grade bonds’ 

credit risk than high-investment grade bonds – thus supporting the existence of the portfolio 

rebalancing channel.  

Finally, column (4) shows that the investment-grade breakdown does not significantly differ 

between high-investment grade and low-investment grade bonds’ bid-ask spreads. Hence, QE 

reduced these bonds’ spreads by a similar rate. However, the CSPP did not reduce ineligible bonds’ 

bid-ask spread, regardless of credit rating.  

The results of the flow effect analysis (estimating Equation (2)) are in Table 3.  

–  Insert Table 3 here – 

Table 3 illustrates that the ECB’s monthly bond purchases did not reduce eligible bonds’ G-spreads 

(column (1)). This result is also confirmed in the multiyear analysis (column (2)) that demonstrates 

that the bond purchases did not reduce eligible bonds’ G-spread in the first or second year of its 

implementation, only in the third year.  

The bid-ask spread results report (column (3)) that eligible bond spreads decreased by 0.6 bp for 

every 1 billion monthly bond purchases. Moreover, the multi-year regression (column (4)) shows 

that eligible bonds’ spread declined by 0.15 bp in the first year and 1.11 bp in the second year.  
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Combining these results, the CSPP, only via the stock effect, significantly reduced bonds’ credit 

risk and improved eligible bonds' liquidity via the stock and flow effects.  

Next, I investigated QE’s heterogeneous transmission, via its flow effect, based on bonds’ credit 

rating. For this analysis, bonds are split into high-investment grade bonds (credit rating of AAA to 

A- (“AAA to A”)) and low-investment grade bonds (credit rating of BBB+ to BBB- (“BBB”))24.  

–  Insert Table 4 here – 

Table 4 reports that QE did not reduce eligible bonds’ G-spread (columns (1) and (2)) – neither 

for high nor low-investment grade bonds. Moreover, even a multiyear analysis shows QE was 

ineffective in decreasing eligible bonds’ G-spread (columns (5) and (6)). Whereas, among 

ineligible bonds, only low-investment grade bonds’ G-spread declined by 0.98 bp for every 1 

billion bond purchases (column (2)). The multiyear analysis shows that most of this decline came 

in the third period, in 2018 (column (6)).        

As for the bid-ask spread regressions, on a linear basis, among eligible bonds, the CSPP lowered 

high-investment grades’ spread by 0.49 bp and low-investment grades’ spread by 0.47 bp for every 

1 billion bond purchases (columns (3) and (4)). Whereas QE was ineffective in reducing ineligible 

bonds’ bid-ask spreads. The multiyear analyses (columns (7) and (8)) also show that low-

investment grades and high-investment grade bonds benefited by a similar rate from the CSPP. 

This credit rating heterogeneity analysis leads to the following observations on QE’s flow effect: 

The ECB’s bond purchases did not improve eligible bonds’ credit risk; however, QE reduced the 

credit risk of low-investment grade ineligible bonds. Finally, QE only improved eligible bonds’ 

liquidity, and it had a similar effect on low- and high-investment grade eligible bonds.   

 

Another way to evaluate the CSPP is to focus on eligible bonds and compare QE’s impact on bonds 

at different credit and liquidity risk levels. Towards this end, I divided eligible bonds into those 

with low G-spread or bid-ask spread and bonds with high spreads. The low (high) spread group 

consists of bonds whose mean G-spread or bid-ask spread was below (above) all eligible bonds’ 

average spreads between January and October 2015 – well before the CSPP was announced. The 

tested period is from October 2015 to August 2016. I estimate the following regression:  

𝑦𝑖,𝑡 = 𝛽0,𝑗,𝑖+𝛽1(𝐿𝑜𝑤_𝑆𝑝𝑟𝑒𝑎𝑑𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡)+𝛽2(𝐻𝑖𝑔ℎ_𝑆𝑝𝑟𝑒𝑎𝑑𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡) + 𝛽3𝑋1𝑡−1+𝛽4𝑋2𝑖,𝑡 + 𝜀𝑖,𝑡                            (5) 

Here, the dummy variable 𝐿𝑜𝑤_𝑆𝑝𝑟𝑒𝑎𝑑𝑖 has the value 1 for eligible bonds with a below-average 

spread (G-spread or bid-ask spread) – low liquidity risk or credit risk bonds – and zero otherwise.  

𝐻𝑖𝑔ℎ_𝑆𝑝𝑟𝑒𝑎𝑑𝑖 has the value 1 for eligible bonds with an above-average spread – high liquidity risk 

                                                             
24 Because the CSPP targeted investment grade bonds, the analysis is only for these types of bonds.   
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or credit risk bonds – and zero otherwise. The rest of the variables are the same as Equation (1), 

and the data frequency is monthly.     

The results are in Table 5.  

–  Insert Table 5 here – 

Based on Table 5, the G-spread of high spread bonds declined by 14.1 bp, and low spread bonds’ 

G-spread fell by 5.7 bp (column (1)); despite this difference in basis points, the spreads, 

percentwise, decreased by a similar rate of 9.5% and 8.6%, respectively. As for the bid-ask spread, 

columns (3) and (4) show that low spreads bonds’ bid-ask spread decreased by 1.9 bp or 4.7%. 

Whereas high spread bonds’ bid-ask spread did not decline following the CSPP announcement.  

For the flow effect, I use the following regression:  

𝑦𝑖,𝑡 = 𝛽0,𝑗.𝑖+ ∑ 𝛽1,𝑗𝐿𝑜𝑤_𝑆𝑝𝑟𝑒𝑎𝑑𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡)
𝑗=2018
𝑗=2017 + ∑ 𝛽2,𝑗𝐻𝑖𝑔ℎ_𝑆𝑝𝑟𝑒𝑎𝑑𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡)

𝑗=2018
𝑗=2017  +𝛽3𝑋1𝑡−1 + 𝛽4𝑋2𝑖,𝑡−1 + 𝜀𝑖,𝑡                            (6) 

Here too, the regression includes the dummy variables for 𝐿𝑜𝑤_𝑆𝑝𝑟𝑒𝑎𝑑𝑖 and 𝐻𝑖𝑔ℎ_𝑆𝑝𝑟𝑒𝑎𝑑𝑖 – defined 

the same as in Equation (5). The sampled period is from June 2016 to December 2018 (monthly 

frequency). The rest of the variables are the same as in Equation (4). 

The results are presented in Table 6. 

–  Insert Table 6 here – 

The results above demonstrate that low credit risk bonds’ G-spread declined due to the ECB’s 

bond purchases (see column (1)). However, the multiyear analysis (column (2)) shows that G-

spreads declined only in the first year. In addition, the bid-ask spread of low liquidity risk bonds 

decreased by 0.9 bp for every 1 billion bonds purchased (column (3)), especially in the first and 

second years (column (4)). Conversely, QE did not improve the liquidity of high liquidity risk 

bonds.  

These results show that QE’s stock effect reduced the G-spread of high and low credit risk bonds 

by a similar rate, whereas QE only improved the liquidity of low liquidity risk bonds. Moreover, 

the CSPP continued to decrease the G-spread and bid-ask spread of only low credit and liquidity 

risk bonds via the flow effect and did not decrease the spreads of high credit risk and liquidity risk 

bonds. Based on these results, QE ameliorated the credit and liquidity risk of low-risk bonds and 

was less effective in reducing risker bonds’ spreads – demonstrating another facet of QE’s 

transmission heterogeneity.  

As a robustness check, I divided the sample into targeted bonds, i.e., bonds that the ECB purchased, 

as the treatment group, and non-targeted bonds (bonds that the ECB did not purchase). The results 

do not change significantly from the reported results herein. As another robustness test, I included 

other fixed effects such as type of industry (of issuing firm) instead of county-of-origin. This 

change did not yield significantly different results, nor did it revise my conclusions.  
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In addition, I included a propensity score matching test as a robustness check of the difference 

between the treatment and control groups (see Appendix D). The results confirm that QE 

significantly improved the treatment group’s credit and liquidity risks relative to those of the 

control group.  

I also conducted other heterogeneous analyses based on industry and country of origin. However, 

these analyses did not produce significant results showing a heterogeneous transmission of CSPP.   

All in all, the CSPP announcement (stock effect) was effective in reducing credit (G-spread) and 

liquidity risks (bid-ask spread), and the corporate bond purchases (flow effect) were mainly 

effective in decreasing eligible bonds’ liquidity risk.   

5.2. Stock and flow effect on corporate decisions 

This subsection reports the CSPP’s stock and flow effects results for the NFCs’ decisions on debt, 

dividends, investment, and debt cost. 

 

–  Insert Table 7 here – 

The stock effect regressions in Table 7 show that the CSPP raised eligible firms’ debt by 331.7 

million euros (column (4)) but not their long-term debt (column (5)). In comparison, ineligible 

firms’ total debt and long-term debt did not rise. QE lowered eligible firms’ debt cost by an average 

of 0.41 percentage points or pp (column (6)) or by 42% from 2015’s levels (eligible firms’ average 

debt cost was 0.98% in 2015). In contrast, ineligible firms’ debt costs declined by 0.28 pp or 34%.  

The flow effect regressions indicate that the ECB’s corporate bond purchases reduced debt costs 

(column (12)) by only 0.03 pp in 2017 and 0.05 pp in 2018. Thus, although the CSPP had a 

statistically significant impact on debt cost, it did not have an economically significant effect. 

Moreover, as debt costs rose since 2017Q2 (see Appendix E), QE did not raise eligible firms’ total 

debt (column (10)) or long-term debt (column (11)) in 2017-2018.   

While the programme reduced debt costs and encouraged borrowing, at least in 2016 via its stock 

effect, it did not stimulate corporate investment from 2016 to 2018 (columns (1) and (7)). 

Conversely, the CSPP’s stock effect stimulated eligible firms’ dividend spending by 217 million 

euros (column (2)) – a 44% increase from 2015’s averages. The flow effect also raised eligible 

firms’ dividend expenditure by 36 million euros in 2017 and 49.7 million euros in 2018 (column 

(8)) for every 1 billion quarterly purchases. However, QE’s flow effect did not have a significantly 

different impact on eligible firms relative to ineligible firms – whose dividends also rose in 2017 

and 2018.   

The results show that the CSPP did not raise firms’ capital spending or cash holdings via the stock 

or flow effect but instead boosted dividend spending and encouraged, at least initially, borrowing.  
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To test the results’ robustness, I split the sample into firms whose bonds were purchased (targeted 

firms) and firms whose bonds were not purchased or did not issue bonds (non-targeted firms). The 

regression estimations of such a sample split did not yield significantly different outcomes, and 

the conclusions remain unchanged. I also estimated other corporate variables that control firm sizes 

(where applicable), such as capital spending-to-assets and dividend-to-assets. Again, these 

estimates did not yield significantly different results.  

  

In another robustness check, I utilized a DD estimation of corporate variables based on Equation 

(1) from 2015Q4 to 2018Q4. Here, the dummy variable, Postt, equals 1 for 2016Q2 and onward 

and 0 otherwise. The estimations include fixed effects for industry, country of origin, and credit 

rating. Table 8 reports the results.  

–  Insert Table 8 here – 

I also estimated other regressions at different starting dates (2014Q3-2015Q4) and ending dates 

(2018Q4-2019Q3). I refer to the critical differences such estimations produced (not presented here) 

to highlight the sensitivity of the results to slight changes in starting and ending dates and identify 

the CSPP’s transmission.  

The results in column (6) show that the CSPP decreased debt costs. In comparison, Table 7 reports 

that most of the decline in debt cost was attributed to the stock effect. But then, the flow effect 

regression shows that the CSPP only had a statistically and not economically significant impact 

on debt costs. Putting these results together, I conclude that the CSPP primarily decreased debt 

costs when first announced. Other regressions with different starting and ending dates also produce 

the same conclusion.     

Column (2) shows that the CSPP stimulated eligible firms’ dividend spending by 154 million euros 

– a smaller amount than in Table 7. However, since dividends mostly rose in 2017-2018 (see 

Appendix B, Figure B2), a longer-term analysis, as in Table 8, would show a smaller increase in 

dividend expenditure. Table 8 also reports that the programme did not raise eligible firms’ total 

debt and long-term debt (columns (4) and (5)) – while ineligible firms’ debt declined. However, 

other estimates for more extended periods, e.g., 2014Q3-2019Q3, show that the CSPP raised 

eligible firms’ debt and long-term debt. Together with Table 7, these findings indicate a non-linear 

pattern for eligible firms’ debt progression. Specifically, QE initially encouraged eligible firms to 

borrow in 2015-2016 – as shown in Table 7 (via the stock effect) – then in 2017-2018, debt levels 

did not rise (see Table 7 columns (10) and (11)) and only rose again in 2019, well after QE ended 

(see Appendix F). This result coincides with the outcome that QE did not lower debt costs after 

2016.  

Finally, column (1) shows that the QE did not encourage firms to raise their capital spending. 

Moreover, other estimations for longer periods, such as 2014Q3-2019Q3, also show similar 

results. This outcome does not coincide with De Santis and Zaghini’s (2021) results, who also use 
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a DD estimation for a similar timeframe and find that QE encouraged investment spending. Such 

DD estimations may have identified growth in corporate capital spending before 2016 – well 

before CSPP’s announcement – and after 2018 (see Appendix B, Figure B1). While QE’s 

transmission to investment may lag, some stimulative effect should have been detected by late 

2018 – nearly three years after its announcement. Alas, neither the stock nor flow effect estimations 

(Table 7) have produced evidence to support the transmission of QE to capital expenditure. So that 

the rise in investment in 2019 may have been due to other unobservable factors unrelated to QE. 

In addition, long-term DD estimates may be susceptible to a serial correlation problem, as Bertrand 

and Mullainathan (2004) first observed. If so, this problem could cause a severe underestimation 

of the estimated coefficients’ standard deviations. To correct this problem, as their paper suggests, 

I constructed a sample of t-statistics for the OLS investment regressions for each placebo event by 

utilizing a Block Bootstrap (Efron and Tibshirani (1994)) for 2014Q3-2019Q3. I drew from this 

sample and tested the hypothesis that QE affected investments. By utilizing this methodology, I 

conclude that QE did not have a statistically and economically significant impact on corporate 

capital spending. 

In the end, these robustness checks confirm earlier conclusions about QE’s transmission to 

corporate activity.   

5.3. Cross country analysis  

This subsection examines how the heterogeneity of a firm’s country of origin (headquarters) may 

have affected the CSPP’s transmission to debt cost, total debt, investment, and dividend, as 

presented in Figures 3, 4, 5, and 6, respectively. I divided the sample into German, French, Italian, 

and Spanish firms for this analysis. 

–  Insert Figure 3 here – 

As seen above, throughout 2016, debt costs declined for all firms – especially for German and 

French firms. Since then, while firms’ debt costs have risen, by 2018, they remained below their 

2015’s levels, except for Italian firms’ debt costs.   

–  Insert Figure 4 here – 

Figure 4 shows that French and Spanish firms’ debt has risen the most since 2016Q2. German 

firms’ debt levels also rose, albeit at a moderate pace. In contrast, Italian firms’ debt levels declined 

in 2016 and 2017 and only rose in 2018.  

–  Insert Figure 5 here – 

Figure 5 demonstrates that German and French firms’ investments, on average, have climbed since 

2016Q4, whereas Italian and Spanish firms’ investments have not.   

–  Insert Figure 6 here – 
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Finally, Figure 6 illustrates that only German and French firms raised their dividend expenditure 

from 2016Q2 to 20184.  

 

Table 9 reports the results of estimating Equations (2) and (3) for the cross-country regressions. I 

split the sample into German, French, Italian, and Spanish firms.  

 

–  Insert Table 9 here – 

According to Table 9, the CSPP’s stock effect reduced eligible German and French firms’ debt 

costs by, an average, 0.52 pp and 0.56 pp from 2016Q2 to 2017Q1 (columns (1) and (2)), 

respectively. So, eligible German and French firms’ debt costs declined by 64.4% and 63%, 

respectively (based on the median debt cost in 2015Q4). However, QE did not lower Italian and 

Spanish firms’ debt costs (columns (3) and (4)). Moreover, for eligible firms, QE’s stock effect 

boosted German firms’ debt by 1,070.9 million euros (column (5)); French and Spanish firms’ 

debt did not rise, and Italian firms’ debt decreased (column (7)) by 529.4 million euros.  

The flow effect regressions report that for every 1 billion quarterly bond purchases, QE lowered 

eligible German firms’ debt costs in 2017 and 2018 by 0.05 pp and 0.10 pp, respectively, (column 

(9)) – more than other firms from other countries; ineligible firms’ debt cost fell by a similar rate. 

Eligible French firms’ costs declined by 0.03 pp in 2017 and 0.04 pp in 2018 (column (10)); 

Spanish firms’ debt costs decreased by 0.05 pp only in 2018, and Italian firms’ cost of debt did not 

decline. Nonetheless, the flow effect of QE did not expand German, French, and Italian firms’ debt 

levels (columns (13), (14), and (15)) and only raised eligible Spanish firms’ debt by 83.5 million 

euros in 2017 and 161.5 million euros in 2018. These results suggest that the flow effect had a 

limited impact in reducing debt costs enough to encourage firms to raise their debt further.    

Table 10 presents the cross-country regression results for capital and dividend spending. 

–  Insert Table 10 here – 

As seen, the CSPP (stock or flow effect) did not stimulate firms’ investment, regardless of country 

of origin (columns (1) to (4) and columns (9) to (12)).  

As for dividends, the stock effect regression results show that QE raised German and French firms’ 

spending by 545.6 million euros and 289.7 million euros (columns (5) and (6)), respectively. 

Moreover, ineligible firms from these countries also experienced a similar increase in dividend 

spending. QE even stimulated Italian firms’ dividend spending by 257.2 million euros (column 

(7)); however, this result is only significant at 10% and should be taken with a grain of salt. In 

addition, for every 1 billion quarterly bond purchases, the CSPP, via the flow effect, increased 

German firms’ dividends by 93.9 million euros in 2017 and 85.4 million euros in 2018 (column 

(13)), French eligible firms’ spending by 37.7 million euros in 2017 and 54 million euros in 2018, 

and Italian firms’ dividends by 57 million euros and 106 million euros in 2017 and 2018, 

respectively (column (15)). Of these firms, only for French firms, QE provided an additional boost 
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to eligible firms’ dividend spending relative to ineligible firms. Spanish firms’ dividend 

regressions were not significant, most likely due to insufficient data.    

To summarize, the CSPP, via the stock effect, reduced eligible German and French firms’ debt 

costs and mainly encouraged German firms to borrow. In addition, the CSPP, via the stock and 

flow effects, stimulated German and French firms’ dividend expenditure but not capital spending.      

6. Conclusion 

This paper studies the impact of the CSPP on credit and liquidity spreads of bonds and corporate 

decisions on spending and debt. The results show that QE decreased corporate bonds’ credit and 

liquidity spreads. Specifically, the stock effect of the CSPP reduced the G-spread of eligible bonds 

by ten bps or 9.8%, and their bid-ask spread by 2.6 bps or 4.6%. QE decreased credit spreads for 

low-investment grade bonds and ineligible bonds – thus improving riskier assets’ pricing relative 

to high-investment or eligible bonds via the portfolio rebalancing channel. Moreover, QE’s flow 

effect reduced eligible bonds’ bid-ask spread by 0.6 bp for every 1 billion euros of monthly 

purchases. These findings are statistically and economically significant.    

This research also provides new insights into the corporate bond purchases’ transmission to real 

economic activity. For corporate debt, the stock effect of QE reduced debt costs and raised firms’ 

overall debt. Whereas, since 2017, even though the flow effect of QE decreased bonds’ liquidity 

risk, it did not lower debt costs enough to encourage additional borrowing. German firms benefited 

the most from QE, as their debt costs declined and debt burden rose the most relative to firms from 

other countries. Conversely, Italian firms benefited the least from QE.  

In addition, the programme’s impact on corporate spending was limited to dividend expenditure. 

Indeed, QE's stock and flow effects raised German and French firms’ dividends. However, the 

scheme did not stimulate investment – neither via the stock nor the flow effect. While dividends 

may stimulate economic activity, their direct impact is limited compared to the effect corporate 

investment could have on the economy. Therefore, the impact of QE on real economic activity was 

limited.    

Unconventional monetary policies require further research to appreciate their long-term effects on 

the real economy so that policymakers can employ efficient tools and find new ways to encourage 

economic growth when interest rates are at the zero lower bound.    
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Tables and Figures 

Table 1: Summary statistics of main variables  

Panel A: Monthly Variables  

January 2016- December 2018 Min Max Median Mean Std. Dev. Bond-Month Obs. 

  Eligible Ineligible Eligible Ineligible Eligible Ineligible Eligible Ineligible Eligible Ineligible Eligible Ineligible 

G-spread (basis point) 5.11 0.22 1,709.02 1,977.59 79.21 170.36 95.56 238.99 63.76 207.88 38,256 10,075 

Bid-Ask spread (%) 0.00 1.69 636.60 595.33 39.22 66.30 44.00 83.98 28.18 63.56 39,773 10,547 

Panel B: Additional Bonds’ Measures by Country of Origin 

January 2016- December 2018 
German Bonds French Bonds Italian Bonds Spanish Bonds Other EU Bonds All Bonds 

Eligible Ineligible Eligible Ineligible Eligible Ineligible Eligible Ineligible Eligible Ineligible Eligible Ineligible 

Mean time to maturity (years) 5.66 45.25 7.47 30.68 6.58 11.74 5.72 17.38 6.29 26.79 6.52 27.80 

Percent of bonds with investment grade rating (BBB- 

or higher) 61.7% 26.3% 65.0% 20.2% 60.6% 7.1% 80.7% 0.0% 73.4% 44.2% 68.1% 32.8% 

Number of bonds 224 19 361 84 122 14 104 16 400 181 1,211 314 

Percent of total bonds of eligible or ineligible bonds  18.5% 6.1% 29.8% 26.8% 10.1% 4.5% 8.6% 5.1% 33.0% 57.6% 100.0% 100.0% 

Panel C: Quarterly Variables  

Q1-2016 Q4-2018 Min Max Median Mean Std. Dev. Firm-Quarter Obs. 

  Eligible Ineligible Eligible Ineligible Eligible Ineligible Eligible Ineligible Eligible Ineligible Eligible Ineligible 

Capital Spending (millions of euros) 0.1 0.0 3,974.88 3,392.00 183.62 52.90 434.86 160.21 639.05 361.14 2,751 1,323 

Total Assets (millions of euros) 0.0 5.0 489,715.0 104,343.0 16,043.1 4,224.5 40,282.6 8,759.2 62,683 14,670 3,000 1,461 

Total Debt (millions of euros) 2.2 0.0 202,513 60,565 4,427.7 900.2 12,046.7 2,314.0 21,632 5,219 2,978 1,552 

Long term Debt (millions of euros) 1 0 95,230.0 56,865.4 3,577.0 862.6 8,686.9 2,084.5 13,474 4,939 2,898 1,377 

Cost of debt (%) 14.18 12.94 -0.99 -0.99 0.51 0.38 0.75 0.60 1.17 0.99 2,890 1,442 

Dividend (millions of euros) 0.0 0.0 5,132.0 3,051.0 170.0 48.7 473.1 115.1 742.8 259.5 1,761 736 

EBITDA (millions of euros) -3,302 -779.0 15,241.7 4,466.0 573.1 176.3 1,343.4 354.3 2,089.1 576.4 2,885 1,356 

Cash & Short-term Investment (millions of euros) 0.2 0.1 19,265.0 18,144.0 1,020.0 260.0 2,136.8 777.4 2,881.8 1,841.5 2,960 1,461 

Panel D: Breakdown by Country of Origin 

  German Firms French Firms Italian Firms Spanish Firms Other EU Firms All Firms 

  Eligible Ineligible Eligible Ineligible Eligible Ineligible Eligible Ineligible Eligible Ineligible Eligible Ineligible 

Number of firms  44 23 55 21 17 7 17 5 92 54 225 110 

Percent of firms in each carry  19.6% 20.9% 24.4% 19.1% 7.6% 6.4% 7.6% 4.5% 40.9% 49.1% 100.0% 100.0% 

                          

Panels A and B present the summary statistics of the monthly frequency of bond-related variables. Panels C and D display the 

summary statistics of the quarterly frequency of corporate data.  
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Table 2: Results for the G-spread and Bid-ask spread stock effect regressions analysis 

          

Dependent Variables  G-Spread G-Spread BA Spread BA Spread 

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

""AAA to A-” X Ineligible X Post   11.66***   -15.42** 

    (2.52)   (6.35) 

"AAA to A-" X Eligible X Post   5.37***   0.87 

    (0.99)   (0.76) 

""BBB” X Ineligible X Post   4.20   -19.42** 

    (2.98)   (8.06) 

" BBB" X Eligible X Post   -2.75**   -0.90 

    (1.31)   (0.78) 

Eligible -9.55*** -9.09*** -40.71*** -40.90*** 

  (1.09) (1.71) (3.32) (4.83) 

Post X Ineligible -24.31*** -26.60*** 13.15*** 19.42*** 

  (1.89) (3.18) (1.56) (3.61) 

Post X Eligible -10.41*** -10.89*** -2.58*** -2.55*** 

  (1.42) (1.64) (0.98) (0.87) 

Observations  11,882 11,882 12,466 12,466 

(Bond-Month)         

F-statistics  100.3 88.6 30.9 31.3 

R2 0.19 0.19 0.06 0.07 

This Table shows the CSPP’s stock effect OLS regression estimation of G-spread (dif.) and bid-ask spread (level, noted as BA 

spread) based on Equation (1): 𝑦𝑖,𝑡 = 𝛽0,𝑗,𝑖+𝛽1(𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒 𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡 )+𝛽2(𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡 ) + 𝛽3𝑋1𝑡−1+𝛽4𝑋2𝑖,𝑡 + 𝜀𝑖,𝑡  . Data are for October 2015-

August 2016. The frequency of data is monthly and is based on the end of the month closing values (end of the trading day). *, **, 

and *** indicate statistical significance of 10%,5% and 1%, respectively. AAA to BBB indicates credit rating. “AAA to A-“ has 

the value of 1 for bonds with a credit rating of AAA to A- and zero otherwise. “BBB“ has the value of 1 for bonds with a credit 

rating of BBB+ to BBB- and zero otherwise. Total sample size: For G-spread – 1,198 bonds (956 are eligible bonds). BA spread – 

1,238 bonds (986 are eligible). White cross-section standard errors of the coefficients are in parentheses. 
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Table 3: Results for the G-spread and bid-ask spread, flow effect regressions analysis 

    

  Dependent Variables  G-Spread G-Spread BA Spread BA Spread 

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

(1) Second period X Eligible   56.19***   14.68*** 

      (9.29)   (4.58) 

(2) Third period X Eligible   22.08**   13.86*** 

      (9.75)   (3.98) 

(3) Second period X C(CSPP) X Ineligible   3.55***   -0.09 

      (0.49)   (0.52) 

(4) Third period X C(CSPP) X Ineligible   0.48   0.39 

      (0.99)   (0.45) 

(5) Second period X C(CSPP) X Eligible   0.02   -0.96*** 

      (0.25)   (0.11) 

(6) Third period X C(CSPP) X Eligible   -1.41***   0.15 

      (0.24)   (0.10) 

(7) Eligible -112.58*** -141.74*** -35.97*** -52.65*** 

    (11.43) (14.66) (4.05) (5.00) 

(8) C(CSPP) X Ineligible -0.00 -1.42*** 0.32 -0.77*** 

    (0.47) (0.38) (0.31) (0.29) 

(9) C(CSPP) X Eligible 0.26* 0.79*** -0.61*** -0.15* 

    (0.15) (0.16) (0.07) (0.08) 

  Observations  41,744 41,744 42,926 42,926 

  (Bond-Month)         

  F-statistics  124.64 124.11 169.73 159.89 

  R2 0.16 0.17 0.20 0.20 

This table shows the results of OLS regression estimations for G-spread (level) and bid-ask spread (level, noted as BA spread) 

based on Equation (2) 𝑦𝑖,𝑡 = 𝛽0,𝑗.𝑖 + ∑ 𝛽1,𝑗𝑌𝑒𝑎𝑟𝑗
𝑗=2018
𝑗=2016 + ∑ 𝛽2,𝑗(𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡 ))

𝑗=2018
𝑗=2016 + ∑ 𝛽3,𝑗(𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡))

𝑗=2018
𝑗=2016  +𝛽4𝑋1𝑡−1 + 𝛽5𝑋2𝑖,𝑡 +

𝜀𝑖,𝑡   and presented in columns (2) and (3) and Equation (3) 𝑦𝑖 ,𝑡 = 𝛽0,𝑗.𝑖+𝛽1,𝑗(𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡)) + 𝛽2,𝑗(𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗

𝐶(𝐶𝑆𝑃𝑃𝑡 )) +𝛽3𝑋1𝑡−1 + 𝛽4𝑋2𝑖 ,𝑡−1 + 𝜀𝑖,𝑡  and shown in columns (1) and (4). Data are for June 2016 to December 2018. The frequency 

of data is monthly and is based on the end of the month closing values (end of the trading day). *, **, and *** indicate statistical 

significance of 10%,5% and 1%, respectively. C() indicates the first difference. G-spread includes 1,470 bonds (of which 1,218 are 

eligible). BA spread consists of 1,504 bonds (of which 1,241 are eligible). White cross-section standard errors of the coefficients 

are in parentheses. 
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Table 4: Impact of the CSPP’s flow effect on eligible bonds’ G-spread and the bid-ask spread, 

divided by credit rating 2016-2018  

  Dependent Variables  G-Spread BA Spread G-Spread BA Spread 

    "AAA to A" "BBB" "AAA to A" "BBB" "AAA to A" "BBB" "AAA to A" "BBB" 

    
(1) (2) (3) (4) (5) (6) (7) (8) 

(1) Second period X Eligible         19.70*** 3.85 26.75*** 3.94 

            (4.93) (11.46) (6.63) (4.86) 

(2) Third period X Eligible         8.54** -11.56 22.47*** 5.41 

            (4.25) (10.35) (5.66) (6.24) 

(3) Second period X C(CSPP) X Ineligible         3.29*** 1.46** 1.53** 0.09 

            (0.45) (0.72) (0.62) (0.90) 

(4) Third period X C(CSPP) X Ineligible         1.51*** -2.77*** 2.55** 0.83 

            (0.32) (0.93) (1.19) (0.81) 

(5) Second period X C(CSPP) X Eligible         1.30*** 0.99*** -0.62*** -0.63*** 

            (0.13) (0.22) (0.11) (0.13) 

(6) Third period X C(CSPP) X Eligible         0.67*** -1.42*** 0.33*** 0.50*** 

            (0.12) (0.29) (0.12) (0.15) 

(7) Eligible -38.99*** -64.15*** -31.91*** -23.99*** -49.08*** -56.71*** -54.22*** -29.26*** 

    (6.81) (10.55) (11.81) (8.20) (10.19) (16.84) (14.35) (9.66) 

(8) C(CSPP) X Ineligible -0.21 -0.98** 0.67* 0.33 -1.76*** 0.15 -1.38*** -0.33 

    (0.22) (0.49) (0.36) (0.39) (0.22) (0.56) (0.33) (0.42) 

(9) C(CSPP) X Eligible 0.04 0.37** -0.49*** -0.47*** -0.55*** 0.48*** -0.35*** -0.41*** 

    (0.08) (0.18) (0.06) (0.08) (0.10) (0.17) (0.08) (0.11) 

  Observations  10,862 15,412 10,956 15,899 10,862 15,412 10,956 15,899 

  (Bond-Month)                 

  F-statistics  196.05 256.24 163.67 181.90 168.58 209.78 147.23 148.77 

  R2 0.37 0.30 0.32 0.23 0.37 0.30 0.34 0.23 

  Eligible CSPP Effect  
G-Spread BA Spread G-Spread BA Spread 

  

Based on sum of (5) to (6) + (9) (only if P-

value<10%) 

"AAA to A" "BBB" "AAA to A" "BBB" "AAA to A" "BBB" "AAA to A" "BBB" 

(8) First Year  NA 0.37 -0.49 -0.47 -0.55 0.48 -0.35 -0.41 

(9) Second Year NA 0.37 -0.49 -0.47 0.75 1.47 -0.97 -1.04 

(10) Third Year NA 0.37 -0.49 -0.47 0.12 -0.94 -0.02 0.09 

This table shows the results of OLS regression estimations for G-spread (level) and bid-ask spread (level, noted as BA spread) 

based on Equation (2) 𝑦𝑖,𝑡 = 𝛽0,𝑗.𝑖 + ∑ 𝛽1,𝑗𝑌𝑒𝑎𝑟𝑗
𝑗=2018
𝑗=2016 + ∑ 𝛽2,𝑗(𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡 ))

𝑗=2018
𝑗=2016 + ∑ 𝛽3,𝑗(𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡))

𝑗=2018
𝑗=2016  +𝛽4𝑋1𝑡−1 + 𝛽5𝑋2𝑖,𝑡 +

𝜀𝑖,𝑡  and presented in columns (5) to (8) and Equation (3) 𝑦𝑖,𝑡 = 𝛽0,𝑗.𝑖+𝛽1,𝑗(𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡)) + 𝛽2,𝑗(𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗

𝐶(𝐶𝑆𝑃𝑃𝑡 )) +𝛽3𝑋1𝑡−1 + 𝛽4𝑋2𝑖 ,𝑡−1 + 𝜀𝑖,𝑡  that is reported in columns (1) to (4). The summations of the coefficients in rows (8) to (10) 

are only for those with a significance of at least 10%. Data are for June 2016-December 2018. The monthly data frequency is based 

on the end of the month closing values (end of the trading day). *, **, and *** indicate statistical significance of 10%,5% and 1%, 

respectively. C() indicates the first difference. G-spread includes 1,470 bonds (of which 1,218 are eligible). BA spread consists of 

1,504 bonds (of which 1,241 are eligible). White cross-section standard errors of the coefficients are in parentheses. 
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Table 5: Results for eligible bonds’ G-spread and bid-ask spread, stock effect regression 

analysis – comparing high to low spreads 

          

Dependent Variables  G-Spread G-Spread BA Spread BA Spread 

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

"AAA to A-” X Low Spread X Post   1.62**   1.84** 

    (0.80)   (0.57) 

"AAA to A-" X High Spread X Post   4.40**   -1.49 

    (1.37)   (1.52) 

""BBB” X Low Spread X Post   -0.83   0.67 

    (1.03)   (0.64) 

" BBB" X High Spread X Post   -3.03*   -4.00*** 

    (1.65)   (1.49) 

Post X Low Spread -5.69*** -5.83*** -1.92*** -2.63*** 

  (1.28) (1.65) (0.53) (0.59) 

Post X High Spread -14.12*** -13.54*** 0.42 2.59** 

  (1.23) (1.95) (0.69) (1.32) 

Observations  7,490 7,490 8,849 8,849 

(Bond-Month)         

F-statistics  161.1 133.1 24.7 22.7 

R2 0.28 0.28 0.07 0.07 

This Table shows the CSPP’s stock effect OLS regression estimation of G-spread (dif.) and bid-ask spread (level, noted as BA 

spread) based on Equation (5): 𝑦𝑖,𝑡 = 𝛽0,𝑗,𝑖+𝛽1(𝐿𝑜𝑤_𝑆𝑝𝑟𝑒𝑎𝑑𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡 )+𝛽2(𝐻𝑖𝑔ℎ_𝑆𝑝𝑟𝑒𝑎𝑑𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡) + 𝛽3𝑋1𝑡−1+𝛽4𝑋2𝑖,𝑡 + 𝜀𝑖,𝑡 . Data are for October 

2015-August 2016. The frequency of data is monthly and based on the end of the month closing values (end of the trading day). *, 

**, and *** indicate statistical significance of 10%,5% and 1%, respectively. AAA to BBB indicates credit rating. “AAA to A-“ 

has the value of 1 for bonds with a credit rating of AAA to A- and zero otherwise. “BBB“ has the value of 1 for bonds with a credit 

rating of BBB+ to BBB- and zero otherwise. Total sample size: For G-spread – 687 bonds. BA spread – 808 bonds. White cross-

section standard errors of the coefficients are in parentheses. 
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Table 6: Results for eligible bonds’ G-spread and bid-ask spread, flow effect regression 

analysis – comparing high to low spreads 

  Dependent Variables  G-Spread G-Spread 
BA 

Spread 
BA Spread 

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

(1) Second period X Low Spread    20.95***   -0.20 

      (2.38)   (0.08) 

(2) Third period X Low Spread    0.02   -1.93 

      (3.17)   (1.21) 

(3) Second period X C(CSPP) X Low Spread   2.71***   0.18** 

      (0.19)   (0.08) 

(4) Third period X C(CSPP) X Low Spread   2.64***   1.00*** 

      (0.25)   (0.15) 

(5) Second period X C(CSPP) X High Spread    3.55***   -0.77*** 

      (0.25)   (0.11) 

(6) Third period X C(CSPP) X High Spread    1.37***   -0.10 

      (0.24)   (0.14) 

(7) C(CSPP) X Low Spread  -0.45** -2.07*** -0.93*** -1.03*** 

    (0.18) (0.15) (0.06) (0.07) 

(8) C(CSPP) X High Spread 0.22 -1.53*** 0.00 0.06 

    (0.15) (0.13) (0.07) (0.08) 

  Observations  21,167 21,167 23,779 23,779 

  (Bond-Month)         

  F-statistics  240.5 211.4 300.72 286.3 

  R2 0.25 0.25 0.44 0.45 

This Table shows the results of OLS regression estimations for G-spread (level) and bid-ask spread (level, noted as BA spread) 

based on the Equation (6): 𝑦𝑖,𝑡 = 𝛽0,𝑗.𝑖+ ∑ 𝛽1,𝑗𝐿𝑜𝑤_𝑆𝑝𝑟𝑒𝑎𝑑𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡)𝑗=2018
𝑗=2017 + ∑ 𝛽2,𝑗𝐻𝑖𝑔ℎ_𝑆𝑝𝑟𝑒𝑎𝑑𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡)𝑗=2018

𝑗=2017  +𝛽3𝑋1𝑡−1 + 𝛽4𝑋2𝑖,𝑡−1 + 𝜀𝑖,𝑡   . Data are for June 

2016 to December 2018. The monthly data frequency is based on the end of the month closing values (end of the trading day). *, 

**, and *** indicate statistical significance of 10%,5% and 1%, respectively. C() indicates the first difference. G-spread includes 

689 eligible bonds. BA spread consists of 810 eligible bonds. White cross-section standard errors of the coefficients are noted in 

parentheses. 
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Table 7: Results for regressions analysis, 2015Q3-2018Q4 

              

Stock effect/Dependent Variables  
Capital 

Spending 
Dividend 

Cash & ST 

Investment 
Debt 

Long-term 

Debt 
Cost of Debt 

2015Q3-2017Q1 (1) (2) (3) (4) (5) (6) 

Post X Ineligible -125.67*** 170.23*** -239.60*** -223.95 -276.06*** -0.28*** 

 (30.19) (31.63) (56.36) (136.37) (30.34) (0.04) 

Post X Eligible -151.54*** 216.99*** -163.13*** 331.74*** -44.76 -0.41*** 

 (29.69) (39.12) (29.11) (79.81) (34.92) (0.04) 

Observations  1,830 989 1,964 1,962 1,936 1,966 

(Firm-Quarter)             

F-statistics  9.68 5.14 5.85 7.83 9.03 23.31 

R2 0.21 0.21 0.13 0.16 0.19 0.37 

Flow effect/Dependent Variables  
Capital 

Spending 
Dividend 

Cash & ST 

Investment 
Debt 

Long-term 

Debt 
Cost of Debt 

2017Q1-2018Q4 (7) (8) (9) (10) (11) (12) 

2017 X C(CSPP) X Ineligible -8.17*** 32.40*** -3.52 75.48*** 62.14*** -0.01*** 

 (1.59) (3.04) (3.42) (11.17) (9.45) (0.00) 

2017 X C(CSPP) X Eligible -15.71*** 36.01*** -11.78*** 0.68 -11.15 -0.03*** 

 (1.02) (2.27) (2.88) (9.93) (10.86) (0.00) 

2018 X C(CSPP) X Ineligible -11.86*** 42.48*** -14.97** 53.03** 51.50** -0.02*** 

 (3.03) (6.06) (6.00) (26.21) (23.85) (0.00) 

2018 X C(CSPP) X Eligible -21.32*** 49.71*** -26.78*** -0.56 -16.49 -0.05*** 

 (1.81) (3.72) (4.62) (16.72) (14.75) (0.00) 

Observations  2,200 1,347 2,377 2,369 2,350 2,366 

(Firm-Quarter)             

F-statistics  10.31 5.99 5.77 7.33 8.73 8.34 

R2 0.19 0.19 0.11 0.14 0.16 0.15 

This table shows the results of the OLS regression estimations of various corporate variables. The results are based on Equation 

(1): 𝑦𝑖,𝑡 = 𝛽0,𝑗,𝑖+𝛽1(𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒 𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡 )+𝛽2(𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡 ) + 𝛽3𝑋1𝑡−1+𝛽4𝑋2𝑖,𝑡 + 𝜀𝑖,𝑡   for the first sub-table and Equation (4) 𝑦𝑖,𝑡 =

𝛽0,𝑗.𝑖+ ∑ 𝛽1,𝑗(𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡 ))
𝑗=2018
𝑗=2017 + ∑ 𝛽2,𝑗(𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡 ))

𝑗=2018
𝑗=2017  +𝛽3𝑋1𝑡−1 + 𝛽4𝑋2𝑖,𝑡−1 + 𝜀𝑖,𝑡  for the second sub-table. The 

regressions include the country of origin, industry, and credit rating fixed effect. Dependent variables in columns (1) to (5) and (7) 

to (11) are in millions of euros, in columns (6) and (12) in percentage. For the stock effect regressions, data are for 2015Q3-2017Q1. 

For the flow effect, data are for 2017Q1 to 2018Q4. The frequency of data is quarterly, as presented in firms’ financial reports. *, 

**, and *** indicate statistical significance of 10%,5% and 1%, respectively. White cross-section standard errors of the coefficients 

are in parentheses. 
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Table 8: Results for regressions analysis, stock effect analysis, 2015Q4-2018Q4 

Stock effect/Dependent Variables  
Capital 

Spending 
Dividend 

Cash & ST 

Investment 
Debt 

Long-term 

Debt 
Cost of Debt 

2015Q4-2018Q4 (1) (2) (3) (4) (5) (6) 

Post X Ineligible -99.73*** 79.07*** -245.35*** -467.69*** -618.53*** -0.24*** 

 (18.12) (29.98) (52.79) (166.34) (141.96) (0.03) 

Post X Eligible -96.94*** 153.97*** -88.65** 276.98 -41.29 -0.30*** 

 (18.29) (33.78) (39.60) (199.22) (86.09) (0.03) 

Observations  3,507 2,068 3,783 3,775 3,738 3,774 

(Firm-Quarter)             

F-statistics  8.55 4.68 6.52 10.02 12.61 18.90 

R2 0.11 0.10 0.08 0.11 0.14 0.20 

This table shows the results of OLS regression estimations of various corporate variables. The results are based on estimations of 

Equation (1): 𝑦𝑖,𝑡 = 𝛽0,𝑗,𝑖+𝛽1(𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒 𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡 )+𝛽2(𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡) + 𝛽3𝑋1𝑡−1+𝛽4𝑋2𝑖,𝑡 + 𝜀𝑖,𝑡  . The regressions include the country of origin, 

industry, and credit rating fixed effects. Dependent variables in columns (1) to (5) are in millions of euros, and in column (6) are 

in percentages. Data are for 2015Q5 to 2018Q4. The frequency of data is quarterly, as presented in firms’ financial reports. *, **, 

and *** indicate statistical significance of 10%,5% and 1%, respectively. White cross-section standard errors of the coefficients 

are in parentheses.  
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Table 9: Results of a cross-country analysis, cost of debt and debt – stock and flow effects 

  Cost of debt  Debt 

Stock effect 
Germany  France Italy Spain Germany  France Italy Spain 

2015Q3-2017Q1 
(1) (2) (3) (4) (5) (6) (7) (8) 

Post X Ineligible -0.29*** -0.48*** 0.23*** 0.08 34.37 -427.49* -717.09*** -312.85 

 (0.07) (0.04) (0.07) (0.20) (235.91) (229.12) (206.93) (221.37) 

Post X Eligible -0.52*** -0.56*** 0.00 -0.08 1,070.92*** 63.83 -529.38*** 19.57 

 (0.04) (0.06) (0.07) (0.07) (206.07) (171.85) (125.85) (137.20) 

Observations  377 476 133 100 367 476 133 96 

(Firm-Quarter)                 

F-statistics  19.44 18.49 4.80 3.30 3.50 6.37 5.52 3.39 

R2 0.67 0.58 0.46 0.33 0.18 0.32 0.50 0.35 

Flow effect 
Germany  France Italy Spain Germany  France Italy Spain 

2017Q1-2018Q4 
(9) (10) (11) (12) (13) (14) (15) (16) 

2017 X C(CSPP) X 

Ineligible -0.05*** -0.02*** -0.00 0.02*** -61.61 -39.65** 133.78* 125.56*** 

 (0.00) (0.00) (0.02) (0.00) (43.19) (17.18) (80.80) (23.00) 

2017 X C(CSPP) X 

Eligible -0.05*** -0.03** 0.03** -0.01 -138.28*** -43.57*** -123.23** 83.50*** 

 (0.00) (0.00) (0.01) (0.00) (22.36) (6.35) (57.66) (28.36) 

2018 X C(CSPP) X 

Ineligible -0.10*** -0.02** 0.02 -0.02** -243.32*** -5.90 117.06 173.85*** 

 (0.00) (0.00) (0.02) (0.00) (64.27) (22.82) (123.49) (57.89) 

2018 X C(CSPP) X 

Eligible -0.09*** -0.04** 0.05*** -0.05*** -290.72*** -22.67* -176.38* 161.47*** 

 (0.00) (0.00) (0.01) (0.01) (35.05) (11.71) (93.28) (57.02) 

Observations  469 564 173 130 455 564 173 126 

(Firm-Quarter)                 

F-statistics  3.87 4.16 4.58 3.12 5.03 5.57 5.15 1.76 

R2 0.25 0.22 0.40 0.29 0.21 0.27 0.43 0.19 

This Table shows the OLS regression estimations of the cost of debt and total debt for NFCs based in Germany, France, Italy, and 

Spain. The results are based on Equation (1): 𝑦𝑖,𝑡 = 𝛽0,𝑗,𝑖+𝛽1(𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒 𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡)+𝛽2(𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡) + 𝛽3𝑋1𝑡−1+𝛽4𝑋2𝑖,𝑡 + 𝜀𝑖,𝑡   for the first 

sub-table and Equation (4) 𝑦𝑖,𝑡 = 𝛽0,𝑗.𝑖+ ∑ 𝛽1,𝑗(𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡 ))
𝑗=2018
𝑗=2017 + ∑ 𝛽2,𝑗(𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝐶(𝐶𝑆𝑃𝑃𝑡 ))

𝑗=2018
𝑗=2017  +𝛽3𝑋1𝑡−1 + 𝛽4𝑋2𝑖,𝑡−1 + 𝜀𝑖,𝑡 for the 

second. The regressions include industry and credit rating fixed effects. Cost of debt columns are in percentages, and Debt columns 

are in millions of euros. For the stock effect regressions, data are for 2015Q3-2017Q1. For the flow effect, data are for 2017Q1 to 

2018Q4. The frequency of data is quarterly, as presented in firms’ financial reports. *, **, and *** indicate statistical significance 

of 10%,5% and 1%, respectively. White cross-section standard errors of the coefficients are in parentheses. 
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Table 10: Results of a cross-country analysis, capital spending, and dividend – stock and flow 

effects 

  Capital Spending  Dividend 

Stock effect Germany  France Italy Spain^ Germany  France Italy Spain^^ 

2015Q3-2017Q1 (1) (2) (3) (4) (5) (6) (7) (8) 

Post X Ineligible -167.27*** -131.97*** -89.46*** -122.15* 596.46*** 263.90*** 195.53 -96.28*** 

 (42.43) (42.42) (18.12) (61.50) (106.68) (36.80) (225.80) (27.21) 

Post X Eligible -144.36*** -176.79*** -60.82** -142.62** 545.62*** 289.73*** 257.22* -57.28*** 

 (36.48) (47.24) (27.21) (53.44) (63.91) (28.29) (139.78) (20.89) 

Observations  338 463 122 61 122 293 56 52 

(Firm-Quarter)                 

F-statistics  6.90 6.37 19.68 1.74 4.03 4.51 3.24 1.50 

R2 0.22 0.33 0.80 0.26 0.33 0.26 0.47 0.27 

Flow effect Germany  France Italy Spain Germany  France Italy Spain^^ 

2017Q1-2018Q4 (9) (10) (11) (12) (13) (14) (15) (16) 

2017 X C(CSPP) X 

Ineligible -14.78*** -12.42*** 6.95** -11.15*** 103.37*** 26.06*** 56.30*** 4.96 

 (4.28) (1.51) (3.47) (2.59) (16.16) (2.96) (8.70) (3.05) 
2017 X C(CSPP) X 

Eligible -22.28*** -20.55*** -2.81 -14.54*** 93.88*** 37.67*** 57.01*** 5.24 

 (3.37) (1.23) (3.63) (2.16) (16.88) (1.96) (10.78) (3.26) 
2018 X C(CSPP) X 

Ineligible -25.51*** -9.86*** 13.48** -25.42*** 103.58*** 33.84*** 107.16*** 27.00*** 

 (9.14) (2.85) (6.66) (6.3) (33.33) (3.55) (16.21) (7.13) 
2018 X C(CSPP) X 

Eligible -37.10*** -20.21*** 1.69 -26.44*** 85.43** 53.95*** 106.03*** 26.63*** 

 (7.36) (2.71) (6.39) (4.56) (33.52) (3.94) (17.21) (6.05) 

Observations  424 546 152 92 199 365 87 77 

(Firm-Quarter)                 

F-statistics  6.34 6.96 7.01 3.77 5.97 7.10 4.60 1.10 

R2 0.19 0.32 0.42 0.36 0.33 0.32 0.58 0.17 

^^ -- indicates the regression is not significant at 10%. ^ – indicates the regression is significant only at 10%. This table shows the 

OLS regression estimations of the capital spending and dividend for NFCs based in Germany, France, Italy, and Spain. The results 

are based on Equation (1): 𝑦𝑖,𝑡 = 𝛽0,𝑗,𝑖+𝛽1(𝐼𝑛𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒 𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡)+𝛽2(𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡) + 𝛽3𝑋1𝑡−1+𝛽4𝑋2𝑖,𝑡 + 𝜀𝑖,𝑡  for the first sub-table and 

Equation (4) estimations for the second. The regressions include industry and credit rating fixed effects. Capital spending and 

dividend columns are in millions of euros. For the stock effect regressions, data are for 2015Q3-2017Q1. For the flow effect, data 

are for 2017Q1 to 2018Q4. The frequency of data is quarterly, as presented in firms’ financial reports. *, **, and *** indicate 

statistical significance of 10%,5% and 1%, respectively. White cross-section standard errors of the coefficients are in parentheses. 
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Figure 1: Average G-spread of eligible and ineligible bonds, 2015-2019 

 

Source of data: Bloomberg (black dotted line: CSPP’s announcement; red dotted lines: the CSPP execution). 

Figure 2: Average scaled bid-ask spread for eligible and ineligible bonds, 2015-2019  

 

Source of data: Bloomberg (black dotted line: CSPP’s announcement’ red dotted lines: the CSPP execution). 
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Figure 3: 4-Quarter moving average debt cost by country of origin, eligible firms, 2014-2018 

(percentage)  

 

Source of data: Bloomberg and Author’s calculations.  

Figure 4: 4-Quarter moving average debt by country of origin, eligible firms, 2014-2018 

(millions of euros)  

Source of data: Bloomberg and Author’s calculations. 

 

 

 

 

 

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

2014Q4 2015Q1 2015Q2 2015Q3 2015Q4 2016Q1 2016Q2 2016Q3 2016Q4 2017Q1 2017Q2 2017Q3 2017Q4 2018Q1 2018Q2 2018Q3 2018Q4

Germany France Italy Spain

3000

3500

4000

4500

5000

5500

6000

2014Q4 2015Q1 2015Q2 2015Q3 2015Q4 2016Q1 2016Q2 2016Q3 2016Q4 2017Q1 2017Q2 2017Q3 2017Q4 2018Q1 2018Q2 2018Q3 2018Q4

Germany France Italy Spain



33 

 

Figure 5: 4-Quarter moving average capital spending by country of origin, eligible firms, 

2014-2018 (millions of euros) 

 

Source of data: Bloomberg and Author’s calculations. 

Figure 6: 4-Quarter moving average dividend spending by country of origin, eligible firms, 

2014-2018 (millions of euros) 

 

Source of data: Bloomberg and Author’s calculations. 

 

 

 

 

 

 

325

375

425

475

525

2014Q4 2015Q1 2015Q2 2015Q3 2015Q4 2016Q1 2016Q2 2016Q3 2016Q4 2017Q1 2017Q2 2017Q3 2017Q4 2018Q1 2018Q2 2018Q3 2018Q4

Germany France Italy Spain

0

50

100

150

200

250

2014Q4 2015Q1 2015Q2 2015Q3 2015Q4 2016Q1 2016Q2 2016Q3 2016Q4 2017Q1 2017Q2 2017Q3 2017Q4 2018Q1 2018Q2 2018Q3 2018Q4

Germany France Italy Spain



34 

 

Appendix A: The CSPP’s Outline 

 The CSPP was announced on March 10th, 2016. The ECB provided exact details of eligible bonds’ 

criteria on April 21st,2016. The CSPP started on June 8th,2016, and ended on December 19th, 2018.  

The rules for eligible bonds were 1) a bond listed in euro; 2) a remaining maturity of at least six 

months (and no greater than 31 years) when purchased; 3) a minimum credit rating of BBB-; 4) 

issued by a corporation (not a credit institute) established in the Euro Area.  

Under this program, the ECB purchased non-financial corporate bonds (denominated in Euro) at 

an average monthly pace of 5.8 billion euros to 178 billion euros (December 2018) of nearly 1,300 

corporate bonds from approximately 265 non-financial firms. However, the average monthly rate 

has varied over time: From June 2016 to March 2017, the ECB purchased, on average, 7.5 billion 

euros worth of bonds each month. Between April 2017 and March 2018, the average monthly 

purchases fell to 6.1 billion euros. From April to December 2018, the monthly average declined to 

3.3 billion euros.      

The ECB did not provide a minimum issuance volume for the eligible corporate bonds that could 

be purchased. According to the ECB25:  

“This ensures that corporate bonds with small issuance volumes (often ones issued by small firms) can also 

be purchased. To be eligible for purchase, commercial paper security must have a minimum outstanding 
issuance amount of €10 million.” 

  

Some eligible bonds were not purchased under the CSPP. The reason could be a matter of liquidity. 

While the ECB did not impose a minimum issuance volume to be eligible so that small firms’ 

bonds could also be purchased, there was a restriction on the outstanding issuance amount at 10 

million euros.  

The ECB has not been the sole central bank to purchase corporate bonds. Bank of Japan (BoJ) and 

BoE have also done so. However, the CSPP has been more substantial: It accounts for nearly 4% 

of the ECB’s balance sheet26, whereas the BoJ and BoE’s corporate purchase programs represent 

0.5% and 2% of their respective balance sheets. Moreover, the ECB’s non-financial companies’ 

(NFCs) bond holdings account for 12% of the total market value of NFCs’ bonds in the EMU. In 

contrast, the BoE and BoJ’s corporate bond holdings account for 2.5% and 4% of Sterling and Yen 

NFC’s bonds27.  

 

 

                                                             
25 Source of quote: https://www.ecb.europa.eu/mopo/implement/omt/html/cspp-qa.en.html 

26 Based on data as of Q2 2019. 
27 Source of data: BoJ, ECB, and BoE for data on asset purchase programs, and Bank of International Settlements for data on NFCs’ 
bond data.  

https://www.ecb.europa.eu/mopo/implement/omt/html/cspp-qa.en.html
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Appendix B: Capital spending and dividends 

 Figure B1: European Union non-financial corporations’ gross investment rate (4-quarter 

cumulated sum) 2007Q1-2019Q4 

 

Source of data: Eurostat 

Figure B2: Median dividend expenditure (millions of euros), eligible firms, 4-quarter moving 

average, 2014Q4-2018Q4 

 

Source of data: Bloomberg and the Author’s calculations 
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Appendix C: Description of variables and data sources 

 

 

 

 

 

 

Variable Description Source 

1-week Euribor rate The weighted average rate of a 1-week libor in euros FRED 

Scaled bid-ask spread The spread between the bid and ask is divided by the mid-price of a bond Bloomberg 

Capital Spending A firm i’s Capital spending Bloomberg 

Cash & ST Investment A firm i’s cash holding and short-term investments  Bloomberg 

Cost of debt A firm i’s weighted average debt cost is measured in the debt component of the 

Weighted Average Cost of Capital (WACC). It is calculated using government 

bond rates, a debt adjustment factor, and a firm’s short- and long-term debt to 

total debt. 

Bloomberg 

Country of Origin Dummy variable of Country of Origin of company or issuer of bond X  equals 1 

and 0 otherwise. X stands for Germany, France, Italy, and Spain 

Bloomberg 

Credit Rating  The dummy variable of credit rating X equals 1 and 0 otherwise. X stands for 

“AAA to A” and “BBB”. 

Bloomberg, Moody’s, S&P, and 

Fitch 

Current Ratio A firm i’s cash and short-term investment to short term debt ratio  Bloomberg 

C(CSPP) The monthly/quarterly purchases under the Corporate sector purchase 

programme (billions of euros) 

The ECB 

Debt A firm i’s total debt Bloomberg 

Dividend A firm i’s Dividend payment Bloomberg 

PSPP ECB’s purchase of government bonds under the PSPP, in millions of euros FRED 

Eligible/Ineligible  Eligible: Bond i that was eligible to be bought under the CSPP, or firm j whose 

bond was eligible to be purchased under the CSPP. Ineligible:   Bond i that was 

not eligible to be bought under the CSPP, or firm j whose bonds were not 

eligible to be purchased under the CSPP.  

ECB and Bloomberg 

EVZ Euro Currency Volatility Index or Euro VIX, which measures the market's 

expectation of 30-day volatility of the Euro/dollar exchange rate 

CBO 

G-spread Nominal spread – the gap between corporate bond yield and Euribor rate Bloomberg 

LT Debt A firm i’s long-term debt  Bloomberg 

Post The dummy variable equals 1 for 2016Q2 to 2017Q1 and 0 for 2015Q3-

2016Q1 

Author 

The Federal Reserve’s Shadow Rate Wu-Xia  Federal Reserve shadow rate Jing Cynthia Wu’s website 

V-Stoxx 30 Day implied volatility of the Stoxx600 Bloomberg 

Vol Pound 30-day implied volatility of the British pound currency  CBO 

WACC The weighted average cost of capital of firm i Bloomberg 
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Appendix D: Propensity score matching as a robustness test  

This Appendix elaborates on the methodology of the propensity score matching (PSM) analysis 

used to conduct the robustness check. This paper utilizes a standard matching model, as 

Rosenbaum and Rubin (1983) first introduced to assess the validity of its results. The data used 

are closing values at the end of each month, and the tested period is from March 2016 to December 

2018 – from the CSPP’s announcement until its termination.  

This test compares the average treatment effect of the treated (ATT) for the G-spread and bid-ask 

spread of corporate bonds. Here, the treated or the treatment group includes corporate bonds 

eligible to be purchased by the ECB. The control group comprises Euro-denominated corporate 

bonds issued by European non-financial firms whose bonds are ineligible under the CSPP. Based 

on Caliendo and Kopenig (2005), the ATT can be formulated as:  

𝜏𝐴𝑇𝑇
𝑃𝑆𝑀

𝑡
= E𝑡,P(X)|D=1{E[Y𝑡|D = 1, P(X)] − E[Y𝑡|D = 0, P(X)]}     (7) 

Where P(X) is the propensity score, t is the tested time frame, and X is a vector of bond 

characteristics. Regarding the latter, the observed covariates considered are the age of a bond, 

country of origin, and credit rating. The age of a bond is a continuous variable in years. The country 

of origin is a dummy variable and refers to the location of a firm’s headquarters and is divided into 

Germany, France, Italy, Spain, and all other European Union members as another category. 

Finally, the credit rating of a bond is also a dummy variable. It is divided into high investment 

grade bonds (AAA to A-), low investment grade bonds (BBB+ to BBB-), non-investment-grade 

bonds (BB+ to D), and bonds without a credit rating. I employ a logit regression model to estimate 

the PSM and utilize a nearest neighbor matching algorithm to calculate the coefficients. The PSM 

estimator is a mean difference in G-spread or bid-ask spread outcomes, weighted by the propensity 

score.  

The results are in Table D1. They demonstrate that throughout the CSPP implementation, the G-

spread and bid-ask spread of the treatment group (eligible bonds) were, on average, significantly 

lower than the spreads of the control group (ineligible bonds). Thus, these results confirm that QE 

significantly improved the treatment group’s credit and liquidity risks relative to those of the 

control group.  

Table D1: Results of the propensity score matching robustness test. Average treatment 

effect of the treated (ATT) for the CSPP programme from March 2016 to December 2018 

Outcome  ATT 

AI Robust Std. 

error 

t-value 

(significance) 95% conf. interval  

Bid-ask spread (%) -55.20 1.20 -45.89*** -57.56 -52.84 

G-spread (basis points) -135.08 3.16 -45.68*** -141.28 -128.88 

Based on the treatment model of a Logit estimation. *, **, and *** indicate statistical significance of 10%,5% and 1%, respectively. The outcome 

model used is matching. The observed covariates include the age of a bond, country of origin, and credit rating. Total observations for bid-ask 

spread and G-spread are 45,112 and 46,396, respectively. The monthly data frequency is based on the end of the month closing values (end of the 

trading day).  
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Appendix E: Eligible NFCs’ cost of debt and (percentage points, left axis) and cost of capital 

(percentage points) 4-quarter moving average, 2014Q1-2018Q4 

 

Source of data: Bloomberg and the Author’s calculations 

Appendix F: Debt (millions of euros, black line) and long-term debt (millions of euros), eligible 

firms, 4-quarter moving average, 2014Q4-2019Q3 

 

Source of data: Bloomberg and the Author’s calculations 
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