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from credit information sharing, the results indicate that both types of banks are affected in the 

same way. This suggests that foreign banks rely on alternative strategies to compensate for their 

informational disadvantage in local markets. 

 

 

JEL Codes: G21, G28, D82 

 

Key words: information sharing offices, bank stability, credit markets. 

 

 

  



 2 

I. Introduction 

 

Does credit information sharing stabilize banks? Credit information sharing offices (ISOs 

hereafter) are public or private institutions that collect detailed information on the credit history 

of borrowers from various sources. With the goal to evaluate the credit worthiness of a 

borrower, the collected information is first cross-checked and then compiled in reports. 

Potential lenders, usually those who also contribute to the information sharing system and who 

have a demand for credit, could have access to the report (Miller, 2003). 

By providing more information to the financial sector, ISOs fulfill two main functions. 

Firstly, they are expected to alleviate the cost associated with asymmetric information in credit 

markets (Pagano and Jappelli, 1993). More specifically, they help attenuate moral hazard by 

conveying information on the borrower’s reputation, which enhances the latter’s incentive to 

behave well. Moreover, they reduce adverse selection in credit markets since with more 

information about their potential borrowers ex ante, lenders would allocate credit efficiently 

and hence would better assess the risk of their loan portfolio. Secondly, they serve as a tool that 

supports the micro and macro prudential regulation and supervision which helps improving the 

management of the financial sector (Majnoni et al., 2004). 

For these reasons, ISOs have been recently promoted across Sub-Saharan Africa (SSA 

hereafter) as the low level of financial development that characterizes the continent is largely 

attributed to information frictions (Honohan and Beck, 2007). With the support of international 

organizations such as the Word Bank and the International Finance Corporation, most SSA 

countries undertake reforms to improve credit information infrastructure mainly after the 2008 

Subprime crisis (Figure A1). Mylenko (2008) attributed this trend to three factors: an increasing 

demand of information for lending purposes, a need to ameliorate risk management practices 

and improve the information and communication technology infrastructure. 

This new institutional development has sparked the interest of both policymakers and 

scholars who questioned the effectiveness ISOs across the continent (Asongu et al., 2016; Fosu, 

2014; Triki and Gajigo, 2014). Overall, those subsequent works found a mitigated evidence of 

the effect of ISOs on lending activities and on the interest rates on loans. For Triki and Gajigo 

(2014) and Asongu et al. (2016), only banks benefited from the policy initiatives as they allow 

them to increase their profits. Absent from this debate, however, is the analysis of the 

relationship between ISOs and the financial stability. 
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The main purpose of this chapter is therefore to assess the impact of the institutional 

change brought about by ISOs on the financial stability across SSA countries. To do so, we rely 

on data on 161 banks from 30 SSA countries from 2004 to 2014. To tackle endogeneity, we 

instrument credit information sharing with countries’ participation in World Bank projects. We 

find that countries that participate in those projects are more likely to improve the quality of 

their credit information infrastructure, which in turn allows their banks to become more stable. 

We also extend our framework to document the heterogeneity of our results depending 

on bank foreign ownership. We assume that foreign banks have an informational disadvantage 

compared to domestic banks due to distance-related information frictions, and hence would 

benefit more from credit information sharing. Our results indicate that both types of banks are 

affected in the same way suggesting that foreign banks rely on alternative strategies to 

compensate for their informational disadvantage in local markets. 

This chapter contributes directly to the debate on the effectiveness of ISOs in Africa. 

From the viewpoint of financial stability, we show that they have been beneficial overall. In 

addition, we add to the literature that studies the impact of ISOs on the stability of the financial 

sector (Jappelli and Pagano, 2002; Behr and Sonnekalb, 2012; Doblas-Martin and Minetti, 

2013; Houston et al., 2010). In this vein, our work is closely related to that Houston et al. (2010), 

which assesses the impact of creditor rights together with credit information sharing on bank 

stability for a sample of developing countries. We differentiate from them in two respects. 

First, we focus on a sample of exclusively SSA countries where the financial system faces 

particular challenges including a small size of credit markets, a high degree of informality, 

macroeconomic volatility and governance problems (Honohan and Beck, 2007). We are thus 

able to assess the impact of improvement in credit information sharing infrastructure in a 

context where they have evolved recently and where the institutional framework is more or less 

similar but also weak. 

Second, the homogeneity of our sample allows us to document the relevance of bank 

ownership for the effect of credit information sharing. While there is evidence that foreign 

banks resort to alternative strategies to overcome their disadvantage in foreign markets (Berger 

and DeYoung, 1997; Beck et al., 2018), to the best of our knowledge, this chapter is the first to 

investigate if improvements in credit information sharing could affect banks differently 

depending on their ownership structure. 
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Understanding the role of ISOs for financial stability has crucial policy implications. In 

fact, while many studies have praised the positive role of finance on economic growth, a 

financial development that ignores financial stability makes the system prone to banking crises 

with dramatic adverse economic consequences. This ranges from output losses and fiscal costs 

(Laeven and Valencia, 2013), employment losses (Ivashina and Scharfstein, 2010). Hence, the 

net effect of a financial system depends essentially on the ability of the system to strengthen its 

financial stability. It is therefore essential to assess how ISOs could be used as instruments that 

not only magnifies the benefits of financial development but also minimizes its costs at the 

same time. 

In addition, while digital technology has been transforming the landscape of financial 

services worldwide, its contribution in SSA has been particularly spectacular. For instance, in 

2018, 66% of world mobile money transactions took place across the continent and at least 21% 

of adults on the continent have a mobile money account (GSMA, 2020, Global Findex, 2017). 

Digital technology, through mobile money, has not only considerably reduced the costs of 

financial services thereby expanding financial access to millions of unserved or underserved 

segments of the population, it also has implications for credit information sharing. In fact, it has 

provided the sector with abundant data coming from various sources which, if well analyzed, 

offer the possibility to develop alternative credit information sharing systems that would 

complement traditional credit registries. Hence, one needs to draw lessons from the 

contributions of formal credit information sharing to the financial sector in SSA to leverage 

technology to aggregate information outside the banking sector in a faster and more efficient 

way. 

The rest of the chapter is organized as follows. Section 2 reviews both the theoretical and 

the empirical literature on the effect of ISOs on financial stability. In Section 3, we first discuss 

the empirical strategy and then describe the data. Section 4 presents our baseline results and 

discusses their robustness. Section 5 extends the baseline results to account for the relevance of 

bank ownership and Section 6 concludes. 

II. Literature Review 

Credit information sharing provides more information about borrowers’ characteristics 

which reduces asymmetric information and would stabilize the financial system in several 

ways: by enhancing borrowers’ incentive to perform well, by improving lenders’ efficiency in 
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credit allocation, by discouraging the motivation to become over-indebted, and by attenuating 

a hold-up problem between lenders and their borrowers. 

First, credit information sharing eases the moral hazard problem between the borrower 

and the lender because it works as a disciplinary device that encourages the borrower to improve 

its performance (Padilla and Pagano, 2000; Klein, 1992). This is because in the context of credit 

information sharing, a default becomes a signal of a bad reputation not only to the borrower’s 

principal lender, but also to all lenders. Thus, a borrower with a bad loan performance would 

be punished with either a high interest rate or a temporary exclusion from credit markets. The 

fear of punishment therefore induces the borrower to improve its reputational collateral. This 

way, credit information sharing reduces borrowers’ default rates.  

For the disciplinary effect of credit information sharing to be fully effective, however, the 

type and the accuracy of the information shared matter. Padilla and Pagano (2000) show that 

sharing detailed information on a borrower’s overall characteristics may actually reduce the 

effectiveness of the disciplinary effect of credit information sharing. Because when lenders 

share complete information, the borrower’s overall characteristics determine its risk premium. 

Accordingly, there is no incentive for a borrower to perform better if its overall quality is 

already good. By contrast, when lenders share only default information, the default exclusively 

determines the borrowers’ risk premium which would enhance the disciplinary effect. 

Second, credit information sharing also attenuates the adverse selection problem in credit 

markets and improves the efficiency in credit allocation (Pagano and Jappelli, 1993). Actually, 

lenders’ inability to observe the characteristics of the borrowers such as project riskiness 

induces adverse selection in lending operations which would result in credit rationing and 

inefficient allocation of credit. Credit information sharing, because it allows a better knowledge 

of borrowers’ characteristics, allows banks to better screen them and to price loans accordingly. 

Nonetheless, the net effect on the bank’s portfolio risk is unclear as the positive effect of lending 

to good quality borrowers could be offset by lending to bad quality borrowers (Jappelli and 

Pagano, 2002). 

A number of empirical studies have tested these theoretical predictions. Overall, they 

associate credit information sharing with a net reduction in credit risk. While some of them 

cover several countries, others are rather country specific. For instance, Jappelli and Pagano 

(2002) provide empirical evidence that information sharing among lenders, either via public or 

via private registries, is associated with higher lending and lower credit risk for a sample 40 

countries. Kusi et al. (2017) study a sample of banks located in SSA countries and find that 
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though both types of institutions reduce banks credit risk, the impact of private credit bureaus 

appears to be the most robust. Fosu et al. (2020) also find that credit information sharing is 

associated with less loan defaults for a sample of developing countries, but their results also 

indicate that banking market concentration plays a moderating role while the relevance national 

governance is limited.  

For studies that are rather country specific, Behr and Sonnekalb (2012) take advantage of 

the introduction of public credit registries as a natural experiment in Albania credit markets. 

Their results from difference-in-differences estimations indicate that loan performance 

improves following the introduction of public credit registries while both access and cost of 

credit are not affected. Doblas-Martin and Minetti (2013) use an event study method on US 

banks to show that when a bank joins a credit bureau, both contract delinquencies and default 

rates of its borrowers decline. The results of Majnoni et al. (2004) highlight the positive effect 

of public credit registries for credit risk evaluation in Argentina, Brazil and Mexico. Brown and 

Zehnder (2007) use an experimental method to show that information sharing leads to an 

increase in the repayment rate.  

In addition to attenuating information asymmetry, credit information sharing would also 

improve financial stability by reducing the borrowers’ incentive to become over-indebted. 

Bennardo et al. (2015) argue that when banks do not share credit information, certain borrowers 

particularly those protected by limited liability, can behave in an opportunistic way by applying 

simultaneously for loans from many banks. 1 This would result in the borrower becoming over-

indebted and would increase loan defaults. By making lending information available to all 

lenders, however, credit information sharing discourages this opportunistic behavior and hence 

would reduce loan default rates. 

Finally, credit information attenuates the hold-up problem between the lender and the 

borrower. Padilla and Pagano (1997) explain this by the fact that in credit markets characterized 

by market power and information asymmetries, banks are expected to enjoy informational rents 

thanks to the informational advantage they have over their existing borrowers and charge 

 
1 Compared to a single bank relationship, a multiple-bank lending has three advantages for a borrower when 

lenders do not share information among themselves according to Jappelli and Pagano (2000). First, it forces lenders 

to compete so that the cost of credit may be reduced. Moreover, the borrower may benefit from a lower risk 

premium since each lender bears only part of the overall credit risk in multiple-bank lending. Finally, lending from 

multiple banks can prevent one lender to call back total loans or to withdraw his line of credit. 
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predatory prices. Borrowers, knowing that they will pay high interest rates anyway, have no 

incentive to perform better leading to higher default rates. However, by inducing more 

competition in credit markets, credit information sharing would reduce the lenders’ 

informational rents. This in turn drives down the interest rates charged on credits. The 

competition brought about by credit information sharing in credit markets reduces bank risk 

and enhances financial stability (Boyd and De Nicolo, 2005). 

Despite these expected positive effects, credit information sharing could nonetheless have 

adverse effects in credit markets as well. They can be damaging to financial stability if they 

discourage banks from searching for information on their own and thereby reduce their 

screening and monitoring activities because these are costly. Moreover, they can give rise to a 

free riding on the information collected by others (Jappelli and Pagano, 2003). Besides, the 

competition they bring in credit markets can also have adverse effects on banks’ revenues. In 

fact, the franchise value hypothesis argues that banks, in searching for new sources of revenues 

to compensate for their loss of revenues due to competition, would undertake more risky 

activities with damaging effects on their financial stability (Ijtsma et al., 2017). Nonetheless, 

the empirical works associate them to more financial stability and a reduction in the likelihood 

of banking crises (Houston et al., 2010; Buyukkarabacak and Valev, 2012).  

 

III. Econometric Specification and Data Description 

1. Econometric Specification 

Our main goal is to assess the impact of credit information sharing on the financial 

stability of banks. To do so, we estimate the following equation:  

 

𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑖𝑗𝑡 =  𝛼𝑖 + 𝑡 +   𝛽𝐶𝑟𝑒𝑑𝑖𝑡𝐼𝑛𝑓𝑜𝑗𝑡−1  +  ∑ 𝛿𝑘𝑋𝑖𝑗𝑡
𝑘

𝑘 + ∑ 𝛾𝑙𝑌𝑗𝑡
𝑙

𝑙 + 휀𝑖𝑗𝑡 (1) 

 

In Equation (1) Stabilityijt is a measure of the stability of bank i located in country j at 

time t; CreditInfojt-1 is our key independent variable. It represents the quality of credit 

information sharing; 𝑋𝑖𝑗𝑡
𝑘  and 𝑌𝑗𝑡

𝑙  represents respectively a set of time varying bank and country 

level control variables. ijt is the error term; i, are the bank fixed effects. They absorb all bank 
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characteristics that are constant over time and that are associated with bank-stability. For 

instance, Cihàk and Hesse (2010) found that small Islamic banks are more financially stable 

than other commercial banks; likewise, time fixed effects are captured by t which represents 

any unobservable characteristics that are common to all countries in our sample but vary over 

time. For instance, external shocks from developed countries, because they are common to all 

banks but vary from one year to the other, would be captured by the year fixed. 

Our coefficient of interest in Equation (1) is . It measures the change in a bank financial 

stability associated with a unit increase in credit information sharing. As we use the z-score to 

measure a bank’s stability in this study, a positive (negative)  would indicate that more credit 

information sharing is associated with more (less) stability. 2 

We will first estimate it using the within estimator. In this case,  measures the change in 

an individual bank’s z-score following a change in the credit information index. The use of the 

within estimator is questionable, however, with endogeneity being the main threat. For instance, 

one may argue that countries that improve their information sharing institutions are particularly 

those with an underdevloped financial system. If this holds, our estimation will suffer from 

reverse causality. We attenuate this problem by lagging CreditInfo by one period. Moreover, 

since the variations in the credit information arises at the country level while the stability is 

measured at the bank level, is difficult to imagine that the stability of a specific bank will drive 

the stability of a whole financial system except if that bank is large enough. 

Nevertheless, one may still criticize the within estimator on the ground that the financial 

system is so concentrated in SSA countries that few banks dominate the industry. In that case, 

the stability of one bank could drive that of the whole system and reverse causality would still 

be a relevant concern. Furthermore, despite controlling for a set of both bank and country level 

characteristics, bank fixed effects as well as year fixed effects, omitted variable bias, 

predominantly at the country level, might still threaten our empirical results. Consequently, we 

tackle endogeneity more properly by relying on a two-stage least-squares estimation procedure 

where we instrument credit information sharing with a country’s participation in the Word Bank 

projects. 

The relevance of the instrument relies on the development of credit information sharing 

in developing countries in general and in SSA countries in particular where the World Bank has 

 
2 As our dependent variable is the z-score, the higher the z-score the more stable the bank.  
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played a significant role. In fact, the World Bank has been a reference institution when it comes 

to the development of credit information systems around the world. First, through its Doing 

Business Reports, it closely monitors the development of credit information across the globe. 

In addition, as part of an international task force and with the support of the BIS, it has led the 

development of the General Principles for Credit Reporting (GPCR) which represents the only 

universal set of standards for credit reporting. 

Further, with its Credit Information System (CIS) team, the World Bank has provided 

advisory services and technical assistance in many developing countries on an individual basis. 

This way, it has supported the development of credit bureaus in more than 60 countries 

developing countries (including SSA countries) through the Global Credit Reporting Program 

(GCRP) which since 2001. The program has also facilitated the reform of the legal and the 

regulatory framework that accommodate the functioning of credit reporting systems. 

When it comes to SSA countries, the World Bank even dedicated a special program for 

them in its effort to support their credit reporting systems. Called the Africa Credit Reporting 

Program, it has supported establishment or the development of credit reporting in several SSA 

countries. For instance, the program has contributed to the design and promotion in countries 

such as Ghana, Tanzania, Kenya, among others. 

The most illustrative case of the World Bank implication in credit reporting in Africa 

concerned the CreditInfo Volo in WAEMU countries. Thanks to its experience with the 

development of credit reporting models and its accommodating laws and regulations, the 

program has helped implementing the first cross-country credit reporting. With its hub in Côte 

d’Ivoire, the bureau covered millions of individuals and firms in the eight countries that 

constitute the WEAMU. 

Because of this active and crucial role of the World Bank in the development of credit 

reporting systems in Africa, we hypothesize that countries that participate in the WB projects 

are more likely to reform their credit information systems and hence would witness an increase 

in credit information index. 

The first-stage equation of the two-stage least squares reads:  

 

𝐶𝑟𝑒𝑑𝑖𝑡𝐼𝑛𝑓𝑜𝑖𝑡 =  𝛾0 + 𝛾1𝑊𝐵_𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑡−1 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 + 𝑢𝑖𝑡 (2) 
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In Equation (2), WB_Project is a dummy variable that takes the value 1 if a country 

participated in a World Bank Project, and 0 otherwise; Controls is a set of control variables.  

Though we expect the participation in the World Bank projects to be correlated with credit 

information sharing, we need to restrict our focus for the instrument’s validity. Because, in 

addition to its relevance, the instrument must satisfy the exclusion restriction requirement as 

well. That is, the participation to the World Bank projects must be associated with the bank 

stability only through its effects on the credit information sharing systems. However, this 

requirement would be violated if one considers all World Bank’s projects since, in that case, 

the probability that some of those projects would directly affect the financial stability would be 

high. We thus need to focus on specific projects. 

To do so, we proceed by looking at the different entities of the World Bank. Among those 

entities, the International Finance Organization (IFC) is the one that is in charge of the private 

sector development in developing countries. It is thus the one providing advisory services and 

technical assistance towards the development of credit information infrastructure usually. 

Though focusing on the IFC projects would enhance the relevance of the instrument, it might 

also compromise its exogeneity. Because the IFC intervenes sometimes in projects that might 

have a direct consequence on a bank financial stability. For instance, it has invested in the 

expansion or the establishment of some banks, and/or the restructuring of others. 

The Multilateral Investment Guarantee Agency (MIGA) is another entity of the World 

Bank. It provides guarantees to cover the risk arising from the occurrence of political events 

like civil wars, social unrests, transfer restrictions and expropriations. Despite its emphasis on 

political risk, MIGA’s involvement usually requires the participation of the IFC as well in the 

form of a joint project. This could take the form of MIGA providing guarantees for political 

risk under the condition that the IFC offers advisory services and technical assistance for the 

development of the private sector in the country. One advantage of using MIGA projects is that, 

to the best of our knowledge, MIGA does not invest directly in financial institutions. 

Another advantage of using MIGA projects over IFC ones comes from the fact that IFC 

projects are subject to political influence. In fact, Dreher et al. (2019) argue that governments, 

either individually or in coalition with other governments, can influence the allocation of IFC 

loans and give preferential access to certain private firms. They support their claim by providing 

evidence that countries and companies receive IFC projects more frequently when their 

government holds a seat on the IFC's Board of Directors. While this is a general feature of 

political influence of a membership of international organizations in international funding, we 
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are not aware of any evidence of political influence in MIGA projects. Accordingly, we focus 

on MIGA projects to instrument credit information sharing. 

 

Figure 1: Credit Information Index and MIGA projects 

 

 

Figure 1 supports the relevance of the instrument. It shows the relationship between credit 

information index and the (logarithm of the) number of participations in MIGA projects. It 

supports the hypothesis that countries that participate more in the World Bank’s MIGA projects 

are more likely to have higher scores in the credit information index. We will check that 

assumption more formally in the results section. 

Even if we restrict our attention on the MIGA projects only, the exogeneity of the 

instrument could be violated. First, because MIGA is part of the World Bank and there is 

evidence of political influence over the World Bank’s projects. We will address this issue by 

controlling for political and economic factors, and other indirect channels through which the 

instrument could affect financial stability as robustness checks. Second, though very limited, 

there are cases where MIGA projects could have a consequence on a bank financial stability 
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without affecting the quality of credit information infrastructure. For instance, MIGA provides 

guarantees to cover part of mandatory reserves required by the regulation. While these 

constitute only guarantees, they could affect the risk of part of the assets of the beneficiary 

banks. Though we would control for the quality of financial regulation, we will nonetheless 

rely on over-restriction identification tests to check for the validity of our instrument. 

 

2. Data and Descriptive Statistics  

2.1. Measuring the Stability of Banks: the z-score 

Our dependent variable is bank stability. We proxy it using a bank’s z-score, a widely 

used measure of bank stability in the literature (Laeven and Levine, 2009; Houston et al., 2010; 

Zins and Weill, 2017). For each bank, the z-score is computed as a ratio where the numerator 

is given by the return on assets (ROA) plus capital-asset ratio (CAR) and the denominator is 

the standard deviation of asset returns (SD(ROA)).  More specifically the z-score for bank i is:  

z-scoreit = (CARit+ ROAit) / SD(ROA)i.  

Computed this way, the z-score represents the number of standard deviations of return on 

assets below the capital assets ratio by which profits would have to fall so as to just deplete 

equity capital. When one assumes that bank profits are normally distributed and defines the 

probability of insolvency as the probability of having losses higher than equity (Probability(-

ROA < CAR)), then the z-score can be interpreted as the inverse of the probability of insolvency 

(Laeven and Levine, 2009). Thus, a higher z-score indicates that the bank is more stable. In 

other words, an increase in a bank’s z-score indicates that the bank becomes more solvent or 

more stable. In the empirical analysis below, we follow the literature and use the logarithm of 

the z-score because the z-score per se is highly skewed while its logarithm value is normally 

distributed. 

For each bank, the standard deviation of the return on assets is computed over the whole 

study period which is 10 years. Though Lepetit and Strobel (2013) shows that computing the 

time-varying z-score in this way outperforms alternative methods that use rolling windows, 10 

years is quite long, and many things could happen meanwhile. Yet, computing a rolling window 

is particularly problematic for our sample as it will result in a considerable loss of information. 
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As a robustness check, however, we will experience a time-varying SD(ROA) by computing 

the latter over sub-periods of the sample. We consider sub-periods of 3 and 5 years respectively. 

We compute the z-score with banks’ individual data from the Bankscope, a 

comprehensive database that has detailed but unconsolidated balance sheet and income 

statement data on individual banks in many countries. Table 1 which summarizes the 

descriptive statistics of our sample shows that the average z-score of our is 17.35 in our sample, 

with values ranging from 0.03 to 86.57. 

 

Table 1: Descriptive Statistics 

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

VARIABLES N Mean SD Min Max 

      

z-score 1,554 17.45 12.20 0.029 86.57 

 

Bank-level Variables 

     

  Total Assets (in millions USD)  1,579 3,731 13,430 10,227 126,7 

  Total Loans (in millions USD) 1,567 2,235 9.012 11.93 74,44 

  Loans to Assets 1,567 0.498 0.151 0.001 0.876 

  Cost to Income 1,551 60.23 31.53 5.502 643.5 

 

Country-Level Variables 

     

  Credit Info 1,463 2.079 1.758 0 6 

  Real GDP per capita (USD) 1,972 2,553 2,592 214.0 9,598 

  GDP growth 1,807 0.0292 0.0340 -0.211 0.168 

  Domestic Credit %GDP 1,922 30.50 33.29 1.095 160.1 

  CreditorRights 1,624 5.929 2.515 2 10 

  Concentration 1,900 64.44 18.04 32.52 100 

  Inflation 1,984 9.077 12.94 -29.69 103.8 

Note: This table presents descriptive statistics of the main variables used in this study. They are computed as 

sample averages over the study of period.  

 

2.2. Information Sharing Offices (ISOs) 

To proxy credit information sharing, we follow Houston et al. (2010) and use the credit 

information sharing index (CreditInfo). It measures “the rules affecting the scope, the quality, 

and the accessibility of credit information available through public credit registries or private 
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credit bureaus”. The credit information sharing index is a composite measure which includes 

the following six characteristics: 

i) data on both firms and individuals are distributed;  

ii) both positive credit information and negative information are distributed;  

iii) data from retailers or utility companies are distributed in addition to data from 

financial institutions;  

iv) at least two years of historical data are distributed; 3 

v) data on loan amounts below 1 percent of income per capita are distributed; 4 

vi) by law, borrowers have the right to access their data in the largest credit bureau or 

registry in the economy. 5 

If a country has one of those characteristics, it receives a score of one point for that 

characteristic. The resulting credit information index is the sum of the individuals scores. It 

ranges consequently from 0 to 6, with higher values indicating better credit information. It is 

extracted from the World Development Indicators (WDI) and is available at the country level. 

Table 1 indicates that the average value of the credit information index for our sample is 2.08 

with a standard deviation of 1.75. Table A1 in the Appendix reports credit information index 

by country averaged over the sample period. 

 

2.3. Control Variables 

In order to attenuate the omitted variable bias and finely gauge the impact of ISOs on 

banks’ stability, our empirical analysis controls for a set of variables covering both country and 

bank characteristics. At the country level, we first account for economic development for the 

following reasons. Banks located in high income countries may take less risk because borrowers 

in these countries have more capacity to reimburse their debts than their counterpart in low-

 
3 Credit bureaus and credit registries that erase data on defaults as soon as they are repaid or distribute 

negative information more than ten years after defaults are repaid receive a score of 0 for this component 

4 A credit bureau or registry must have a minimum coverage of 5 percent of the adult population to obtain 

a score of 1 for this component 

5 Credit bureaus and credit registries that charge more than 1 percent of income per capita for borrowers to inspect 

their data obtain a score of 0 for this component.  

 



 15 

income countries (Kusi et al., 2017). Besides, banks in advanced economies may have better 

tools and technology for risk management. In this line, Houston et al. (2010) provide empirical 

evidence that higher GDP is associated with lower banks’ stability. We proxy for economic 

development using real GDP per capita. This variable is extracted from the World Development 

Indicator (WDI) database. The average real GDP per capita is $2,553 for our sample (Table 1). 

In line with previous studies, we expect a positive sign of this variable. 

Further, we control for investor protection using the strength of creditor rights index. 

Because Houston et al. (2010) show that stronger creditor rights are associated with more bank 

stability and countries with weak creditor rights might rely on credit information sharing to 

develop their financial system. We extract the index of creditor rights from the Doing Business 

Database. It ranges from 0 to 10 with higher values indicating stronger protection of creditor 

rights. In addition, we capture the macroeconomic (in)stability by controlling for the inflation 

rate defined as the annual percentage change of the consumer price index. It comes from the 

WDI database. Finally, we account for macroeconomic cycle using the growth rate of real GDP 

per capita. 

At the bank level we control for bank size proxied by (the logarithm of) total assets, their 

efficiency proxied by the cost to income ratio, and the intensity of their intermediation activities 

proxied by the ratio of loans to assets. All of them are computed using data from the Bankscope 

database. In Table A2 in the Appendix, we define all variables used in this study and report 

their source.  

After a combination of bank level variables from Bankscope and country characteristics 

from various sources, we end up with a sample of 161 banks operating in 30 SSA countries 

from 2004 to 2014. The sample, however, excludes three observations because they have 

negative values z-score. We also require banks to have at least 3 years of consecutive 

observations.  

Figure 1 depicts the relationship between the z-score which is aggregated at the country 

level and the credit information index. Both variables appear to be positively related. Table A3 

in the appendix indicates that the bivariate contemporaneous correlation between both variables 

is 0.15 and it is statistically significant at the 0.1% level. This suggests that banks tend to be 

more stable in countries with high credit information quality. Though indicative, this is too 

simplistic to point to a conclusive relationship between the z-score and the credit information 

index. In the next section, we rely on a multivariate regression approach to assess the impact of 

credit information index on the z-score.  
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Figure 2: Credit Information Index and Z-score 

 

 

Besides, Table A1 in the Appendix also indicates that the z-score is also positively 

correlated with banks’ size, loans-to-assets, GDP per capita and the strength of creditor rights. 

On the contrary, it is negatively correlated with cost-to-income, GDP growth and inflation rate 

though the correlations with the last two variables are low. Moreover, several explanatory 

variables are highly correlated between themselves. The estimation procedure will take this into 

account to avoid multicollinearity. 

 

IV. Estimation Results 

In this section, we present the main estimation results of the impact of credit information 

sharing on bank stability. We start with the within estimator and then tackle endogeneity 
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concerns more properly before proceeding to a series of additional robustness checks of those 

results. 

 

1. Credit Information and Bank Insolvency Risk: First Results 

Table 2 reports the results from the Within estimator for variant sets of control variables. 

In the first three columns, we account for bank-level characteristics only while in the last three 

columns we also consider country characteristics. 

The basic specification in Column (1) of the table has no additional variables beyond 

bank fixed effects and the credit information index. The coefficient of the latter is positive and 

statistically significant at the 1% level. This specification alone explains about 5% of the 

variations in the data. In columns (2) we add year fixed effects to the specification in Column 

(1). The coefficient of credit information index is still positive and statistically significant. 

In Column (3) of Table 2, we add bank-level time-varying characteristics to the 

specification in Column (2). Though the coefficient of credit information diminishes compared 

to the estimates the in the first wo columns, it is still positive and statistically significant at the 

5% level. Regarding bank time varying characteristics, the coefficient of (log of) total assets is 

negative and statistically significant at the 1% level. This suggest that the larger the bank, the 

more financially instable it is, which illustrates the “too-big-to-fail” hypothesis. The coefficient 

of cost to income is also negative and statistically significant at the 1% which means that cost-

inefficient banks are less stable. The intensity of the intermediation activity, proxied by the ratio 

of loans to assets, is not statistically associated with bank financial stability as the coefficient 

of this variable is not statistically significant at conventional levels.  

In Column (4), we add country fixed effects to the previous specification. This has no 

qualitive influence on the results of the previous columns since the coefficient of credit 

information index is still positive and statistically significant at the 1% level. Among control 

variables from the country dimension, only real GDP per capita is statistically significant at 

conventional levels. Its coefficient is positive and statistically significant indicating that banks 

are more stable in countries with higher income levels. 
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Table 2: ISO and Banks’ Stability, and the Within estimations 

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

      

      

CreditInfo (t-1) 0.063 0.062 0.042 0.039 0.037 

 (5.527)*** (4.023)*** (3.087)*** (2.892)*** (2.827)*** 

(Log of) total assets (t-1)   -0.199 -0.204 -0.153 

   (-3.780)*** (-3.966)*** (-2.230)** 

Loans to assets (t-1)   -0.026 -0.057 -0.103 

   (-0.121) (-0.275) (-0.483) 

Cost to Income (t-1)   -0.004 -0.004 -0.003 

   (-3.538)*** (-3.493)*** (-1.437) 

(Log of) GDP per capita (t-1)    9E-5 9E-5 

    (2.946)*** (3.395)*** 

GDP growth (t-1)    -0.245 -0.140 

    (-0.492) (-0.270) 

Creditor rights (t-1)    0.012 0.016 

    (0.522) (0.772) 

Inflation (t-1)    -0.001 -0.001 

    (-1.644) (-1.304) 

(Log of) z-score (t-1)     0.187 

     (1.570) 

Constant 2.420 2.400 5.278 5.117 3.940 

 (93.318)*** (65.863)*** (8.329)*** (7.568)*** (3.282)*** 

      

Observations 1,201 1,201 1,096 1,087 1,083 

Number of Banks 164 164 162 161 161 

Adjusted R-squared 0.050 0.048 0.110 0.112 0.148 

Bank FE YES YES YES YES YES 

Country FE NO NO NO NO NO 

Year FE NO YES YES YES YES 
Table 2 reports the results of estimating Equation (1) using the within estimator. In Column (1), there is no additional 

control expect for bank fixed effects. In Column (2), we add year fixed effects to the specification in Column (1) 

while in Column (3), we also add time varying bank-level control variables. Column (4) includes both sets of controls. 

Finally, we control for the lagged dependent variable in Column (5). Robust t-statistics are reported in parentheses 

under each estimated coefficient. *** indicates statistical significance at the 1% (p<0.01), ** indicates statistical 

significance at the 5% (p<0.05) and * indicates statistical significance at the 10% (p<0.1). 

 

 

 

 

Finally, we control for persistence in bank financial stability by including the lagged 

dependent variable in Column (5). This has no consequence on the estimated coefficient of 

credit information index which remains positive and statistically significant at the 1% level. 

Moreover, our results do not provide evidence of persistence in the z-score as the coefficient of 

the lagged z-score is not statistically significant. For this reason, we do not include the lagged 

dependent variable in the remaining specifications.  

To sum up, the results in Table 2 provide evidence of a statistically positive effect of 

credit information sharing on bank stability using the within estimator. That is, an increase in 
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the quality of credit information of a country is associated with more bank stability. The size of 

the coefficient is the most complete specification in that table is 0.04. This implies that an 

increase in credit information index by one unit is associated with an increase in the z-score by 

4%. Or a one standard deviation increase in credit information sharing is associated in an 

increase in the z-score by 7% standard deviation. In the context of Burkina-Faso for instance, 

this magnitude of estimated coefficient implies to move from the 25th percentile of credit 

information index to the 75th percentile it needs to increase its credit information index by 2 

points. Doing so would increase its z-score from 11.6 to 12.  

In the next, we perform the instrumental variable estimations to tackle the challenges of 

endogeneity.  

 

 

2. Endogeneity Concerns and Instrumental Variable Estimations 

The results of the previous section suggest that an improvement in credit information 

sharing is significantly associated with bank financial stability. While this result is robust to 

several control including bank and country time varying characteristics, one might question its 

reliability because of concerns related to endogeneity. In this subsection, we present the results 

of the instrumental variable approach to tackle those concerns. They are reported in Table 3 for 

different instrument sets. The first part of that table reports the first-stage estimations while its 

second part focuses on the second-stage results. 

In the first column of the table, we instrument credit information with the first lag of 

WB_projects. The first-stage results show that the coefficient of the instrument is statistically 

significant at the 1% level. This means that countries that participate in the World Bank projects 

are more likely to improve the quality of the credit infrastructure of their countries. Moreover, 

the Cragg-Donald F-statistic of about 48 highlights the relevance of participating in the World 

Bank projects as instruments for credit information index. Furthermore, we reject the null 

hypothesis of under-identification since the p-value associated with that test is 0.  

Regarding the second-stage results, the coefficient of the credit information index is 

positive and statistically significant at the 1% level. Because we have only one instrument for 

one endogenous variable, we cannot perform the overidentification restriction test. However, 

we perform the Anderson test for the exogeneity of credit information index which reject the 
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nil hypothesis that credit information index is exogenous in the specification and should treat 

that variable as an endogenous variable. 

In Column (2) of Table 3, we instrument credit information sharing with both the lagged 

and the contemporaneous value of the Word Bank projects. As indicated by the first-stage 

results in that column, both instruments are significantly associated with credit information 

sharing. Though the Cragg-Donald statistic decreases it is still high enough to underscore the 

relevance of the instruments. And we continue to reject the under-identification test at the 1% 

level. Moreover, the coefficient of credit information is still positive and statistically significant 

at the 1% level while, according to the Anderson test, we should treat credit information index 

as endogenous. Thanks to having two instruments for one endogenous variable this time, we 

perform the Hansen tests of over-identification restrictions. The corresponding p-values are all 

higher than 10%, which means that we cannot reject the hypothesis that our instruments are 

exogenous at conventional levels. This suggests that our instruments are valid.   

The specifications in the following three columns of the table tackle the issue of 

exogeneity of the instruments further by controlling for three more variables. We respectively 

control for the degree of financial development, the rule of law and democracy respectively in 

columns (3), (4), and (5). These further controls do not alter our previous conclusion as the 

coefficient of credit information index continues to exhibit a positive and statistically significant 

coefficient at the 1% level.  

Another fear of the exogeneity of the instrument comes from the fact that the WB projects 

are not really random. Actually, there are both economic and political factors that influence a 

country’s participation to those projects and hence jeopardize the exogeneity of the instrument. 

For instance, countries that would benefit from those projects are probably those that have better 

quality of macroeconomic management. Yet, the latter could affect the stability of the financial 

sector without altering credit information index. Likewise, the participation to the World Bank 

projects could result from a bargaining process in which case the country’s leadership is crucial.  

We circumvent these problems by controlling for variables capturing macroeconomic 

management. We focus on the current account and debt both expressed as a percentage of GDP. 

Both variables are extracted from the WDI. The results are reported in the first column of Table 

A4.  They do not support the direct impact of current account and debt levels on bank stability 

since both variables are not statistically significant at conventional levels. 
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In the second column of Table A4, we control for government ability to capture the 

relevance of political factors for the exogeneity of the instrument. The implicit assumption here 

is that the more democratic countries are, they less they would be under the pression of political 

factors.  

In the third column of Table A4, we control for the relevance of the bargaining power 

with the availability of alternative sources of lending. We measure the latter with Chinese 

projects and suppose that they do not account for the political or economic state of benefiting 

countries. Our argument is that the availability of alternative funds especially those that do not 

consider political and economic factors would reduce the bargaining power in countries’ 

participation in the WB projects. 

In the last columns of Table A4, we discuss the instruments used in the literature. To the 

best of our knowledge, the existing works that have documented the effect of credit information 

sharing on the financial sector has not tackled endogeneity explicitly. The attempts in Houston 

et al. (2010), Büyükkarabacak and Valev (2012) were all robustness checks and not their 

baseline specifications. Houston et al. (2010) uses legal origins, geography, latitude, and ethnic 

fragmentation to instrument credit information sharing. Due to the fixed effects specification in 

our model, we cannot use those variables. 

Büyükkarabacak and Valev (2012) argue that credit information sharing plays the “Great 

Society” plays a role similar to that of gossip in smaller communities. Because gossip travels 

less effectively in countries with large population and in countries with large cities, the authors 

instrument credit information sharing with population and urbanization. However, these two 

variables could have a direct link with financial stability in which case their exogeneity 

assumption would fail. For instance, countries with a high rate of urbanization can combine 

innovation in payment technologies thereby affecting financial stability. 

We nonetheless use them as instruments to test for the robustness of our results. In 

columns (4) and (5) of Table A4, we successively add urbanization and population to the 

instrument set.6 This has no influence on our baseline conclusion as the coefficient of credit 

information sharing is positive and statistically significant. Moreover, its size is in the range of 

the estimation provided in Table 3. 

  

 
6 We also experience including both variables simultaneously in the specification. This has no influence 

on our baseline conclusion.  
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Table 3: IV estimations 
 (1) (2) (3) (4) (5) 

VARIABLES Baseline Baseline FD RoL Polity2 

      

First Stage Estimations : dependent variable = CreditInfo 

WB Project (t-1) 0.646 0.651 0.621 0.691 0.402 

 (6.90)*** (7.03)*** (6.81)*** (7.23)*** (4.56)*** 

WB Project (t)  0.384 0.468 0.404 0.686 

  (4.39)*** (5.39)*** (4.57)*** (7.32)*** 

      

Cragg-Donald 47.62 33.91 36.66 35.13 36.29 

Underidentification test (p-value) 0 0 0 0 0 

      

      

Second Stage Estimations : dependent variable = log(z-score) 

CreditInfo (t-1) 0.147 0.116 0.115 0.105 0.110 

 (3.216)*** (3.077)*** (3.032)*** (2.859)*** (3.037)*** 

(Log of) total assets (t-1) -0.216 -0.212 -0.233 -0.213 -0.215 

 (-5.919)*** (-5.994)*** (-6.069)*** (-6.054)*** (-6.030)*** 

Loans to assets (t-1) 0.060 0.027 -0.061 0.018 0.017 

 (0.473) (0.219) (-0.504) (0.151) (0.138) 

Cost to Income (t-1) -0.004 -0.004 -0.004 -0.004 -0.004 

 (-6.461)*** (-7.081)*** (-7.153)*** (-7.235)*** (-7.308) 

(Log of) GDP per capita (t-1) 9E-5 5E-5 4E-5 6E-5 6E-5 

 (0.841) (1.202) (0.829) (1.347) (1.291) 

GDP growth (t-1) -0.433 -0.379 0.048 -0.391 -0.350 

 (-1.165) (-1.054) (0.124) (-1.094) (-0.940) 

Creditor rights (t-1) 0.047 0.037 0.024 0.034 0.036 

 (2.088)** (1.799)* (1.286) (1.693)* (1.767)* 

Inflation (t-1) E-3 -E-4 4E-4 -3E-4 -0.000 

 (0.200) (-0.096) (0.268) (-0.261) (-0.036) 

(Log) Domestic Credit (t-1)   0.199   

   (1.950)*   

Rule of Law (t-1)    0.105  

    (1.070)  

Polity2 (t-1)     0.002 

     (0.173) 

Hansen J statistic 0 1.710 2.615 1.670 1.872 

P-value of Hansen J statistic . 0.191 0.106 0.196 0.171 

Anderson-Rubin F-test 0.002 0.007 0.006 0.014  

      

Observations 1,087 1,087 1,051 1,087 1,075 

R-squared 0.898 0.903 0.902 0.904 0.903 

Bank FE YES YES YES YES YES 

Country FE NO NO NO NO NO 

Year FE YES YES YES YES YES 
Table 3 reports the results of estimating Equation (1) using the instrumental variable approach. In Column (1), we replicate the 

baseline specification when we instrument credit information with the WB_project. In Column (2), we include the first lag of 

WB_project in the instrument set. In Column (3) and (4), we control successively for the degree of financial development and 

rule of law. Column (5) use both the (log of) population and the WB_project to instrument credit information index. The robust 

t-statistics are reported in parentheses under each estimated coefficient. *** indicates statistical significance at the 1% (p<0.01), 

** indicates statistical significance at the 5% (p<0.05) and * indicates statistical significance at the 10% (p<0.1). 

 

To sum up, the results of Table 3 shows that the coefficient of the credit information index 

is still positive and statistically significant with the instrumental variable estimations. The 
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magnitude of the coefficient ranges from 0.11 to 0.15. Compared to the results with the Within 

estimator, it has more than doubled. Together with the statistically significant Anderson test, 

this suggests the within estimations suffered from endogeneity bias. Moreover, the 

overidentification restriction tests suggest that we cannot reject the hypothesis that our 

instrument is exogenous. For these reasons, we will use the IV estimations from now. 

Our preferred specification is the one in Column (2). The size of the coefficient in that 

column is 0.12. This means that an increase in the index of credit information by 1 unit is 

associated with an increase in the z-score by 12%. In relative terms, this implies that a one 

standard deviation increase in the credit information is associated with an increase in the z-

score by 20% where the mean of the logarithm of the z-score is 2.56 and its standard deviation 

is 0.92. The economic size of the coefficient suggests that if a country like Burkina-Faso moves 

from the 25th to the 75th percentile of credit information index, the average z-score of its banks 

would increase from 11.6 to 14.2. 

 

 

3. More Robustness checks 

In this subsection, we further check the robustness of our findings to different tests 

focusing on an alternative measurement of ISOs, additional control variables, and the influence 

of outliers, and an alternative measurement of bank stability.  

We start with the measurement of ISOs. In our baseline specification, we consider the 

quality of the information contained in the registries which is proxied using the credit 

information index. However, several studies including Djankov et al. (2007), Behr and 

Sonnekalb (2012) have instead used the coverage of credit information registries. We preferred 

credit information index on the basis that it covers other aspects of information sharing that go 

beyond the simple coverage. Nonetheless, we want to make sure that our measurement choice 

does not affect our results. 

To proceed, we extract the coverage the adult population in both public registries and 

private bureaus from the WDI database. The results are reported in Table A5 in the Appendix. 

We respectively include public registries and private bureaus in the first two columns of the 

table. The coefficient of public registries is positive and statistically significant at the 10% level 

while that of private bureaus is not. In Column (3), where we include both variables 

simultaneously, the results are qualitatively unaffected. Hence, banks tend to become more 
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stable as the percentage of adults covered in public credit registries increases. However, there 

is no evidence of a systematic effect of credit bureaus on bank stability. 

The next robustness checks control for three additional variables: the implementation of 

reforms, credit market concentration and financial regulation. The corresponding results are 

reported in the first three columns of Table A6. In Column (1), we differentiate between the 

impact of credit information sharing and that of other potential reforms. In fact, improvements 

in credit information sharing might materialize at a time where other reforms are at play. To 

make sure our results do not suffer from confounding factors from reforms, we first collect data 

on reforms happening in a country from the Doing Business database. We then define a dummy 

variable which takes the value 1 if a country undertakes a reform in year t and 0 otherwise and 

incorporate its lagged values in our baseline specification. The corresponding results show that 

the coefficient of credit information index is still positive and statistically significant at the 1% 

level. We do not find evidence of reforms directly impacting bank stability. 

Further, we control for banking market concentration in Column (2) of Table A6. In fact, 

there is evidence that economies with more banking markets concentration are more stable 

(Beck et al., 2006). But banking concentration affects lending decisions of banks which might 

have adverse consequences on bank stability. For instance, Petersen and Rajan (1995) show 

that banks in concentrated markets tend to lend more to financially constrained but also risky 

firms like young firms and SMEs. At the same time, credit market concentration is related to 

information sharing since banks in concentrated markets would develop relationship lending 

with their borrowers and fear the loss of surplus on their borrowers by sharing information with 

their competitors. 

To attenuate the omitted variable from that dimension, we control for banking market 

concentration which we proxy with the three-bank concentration ratio (Beck et al., 2006). This 

variable is defined as the share of assets held by the three largest banks over the total assets of 

the banking sector. It comes from the Financial Structure Database. The corresponding results 

are reported in Column (2) of Table A6. They indicate that the coefficient of banking market 

concentration is not statistically significant at conventional levels while the coefficient of credit 

information sharing is still positive and statistically significant at the 5% level. This means that 

controlling for banking market concentration does not alter our baseline conclusion. 

In Column (3), we control for the quality of financial regulation which we proxy with the 

bank regulatory capital to risk-weighted assets. In fact, the risk taken by banks would be limited 

in countries with better financial rules. Moreover, countries with adequate financial rules could 
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rely on credit information sharing to supervise credit markets and detect eventual wanders on 

time. We thus need to control for the role of financial regulation from that of credit information 

sharing. To do so, we proxy the quality of financial regulation with the bank regulatory capital 

to risk-weighted assets which comes from the Global Financial Development Database. The 

results indicate that our baseline conclusion is not affected by this further control. 

In Column (4) of Table A6, we test the robustness of our results to the existence of outliers 

to make sure our results are not driven by a (some) specific bank(s). To do so, we winsorize our 

main variables (the z-score and the credit information index) at the 1% and the 99% so as to 

attenuate the influence of outliers. The results, presented in the last column of Table A6, 

indicate that controlling for the presence of outliers has no consequence on our baseline results 

as the coefficient of credit information continues to be positive and statistically significant at 

the 1% level. 

An additional sensitivity test uses the loan loss provision as an alternative measure for 

bank stability. This measure has been used by Zins and Weill (2017), Beck et al. (2013) to 

assess the quality of loan portfolio. We investigate how banks’ provisions for loan losses react 

to credit information index in the last column of Table A6 where our dependent variable is the 

ratio of loan loss provisions over total loans. Our results indicate that the coefficient of credit 

information index is negative and statistically significant at the 5% level. This means that an 

increase in the credit information index is associated with a decrease in loan loss provisions. 

This confirms our baseline conclusion that credit information sharing is associated with more 

stability. 

Our last robustness check focuses on the computation of the standard deviation of returns 

on assets (SD(ROA)). So far, we have computed the latter over the whole sample for each 

specific bank. One may be concerned that this choice may affect our results, given that the 

period is 10 years, and many things could happen in the meantime. Alternatively, one could 

compute the standard deviation of the ROA using rolling windows. Though such an approach 

is attractive, it would result in a considerable loss of information in our case. 

An alternative way to make the standard deviation of the ROA vary over the period 

without losing information is to compute it over subperiods of the sample. We do so for two 

subperiods. We consider subperiods of 5 and 3 years respectively in columns (1) and (2) of 

Table A7. The coefficient of credit information sharing remains positive and statistically 

significant at 5% and 10% respectively, leaving our conclusions unaltered. 
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V. Extensions 

In this section, we provide additional results to the effects of credit information sharing 

on bank stability. We do so by first investigating the heterogenous effect of credit information 

sharing depending on bank foreign ownership. We then discuss the relevance of the type and 

the quality of the information contained in credit registries. Finally, we discuss informal finance 

as a channel through which credit information sharing could affect bank stability. 

 

1. Credit information sharing, foreign ownership and bank stability 

While the results presented in the previous section suggest that an improvement in the 

quality of credit information is associated with a positive effect on bank stability, one may 

wonder whether all banks are affected in the same way. In this section, we document the 

heterogeneity of the results across banks with different ownership structure by comparing 

domestic banks to foreign ones. The implicit assumption here is that credit information sharing 

would be more favorable for foreign banks than domestic banks because it would enhance the 

comparative advantage of the former relative to the latter. 

The idea of differences in banks comparative advantages comes from the fact that banks 

could resort to relationship lending as a way to circumvent credit information frictions in their 

intermediation activities. During repetitive interactions with a borrower, a bank could collect 

private information on the latter to build its own credit registry which it could use to assess the 

quality of the borrower in future interactions. Doing so, they would be able to develop long 

term relationships with the latter and extract informational rents on them (Petersen and Rajan, 

1995). Petersen and Rajan (2002) argue that relationship lending would allow low quality 

borrowers such as young firms, small firms and firms operating in opaque sectors to have access 

to finance while Fiordelisi et al. (2014) show that it helps mitigating the effect of financial 

shocks. Relationship lending can even lessen the impact of liquidity shocks as shown by Bai et 

al. (2021) for Chinese firms.  

However, all banks do not have the same ability to develop successful relationship 

lending with their borrowers. While domestic banks would find it easy to use soft information 

and hence develop relationship lending, foreign banks would lack such ability especially in 

developing countries (Mian, 2006). 
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On the one hand, domestic banks are more likely to rely on close relationships in lending 

activities. This is because, they are better placed to have a direct contact with local borrowers 

which facilitates their interactions with the latter. Moreover, relationship lending would be 

easier for banks that have simple organizational structure such as domestic banks since this 

enables them to communicate soft information swiftly. Furthermore, domestic banks are more 

likely to understand better the local institutional or cultural contexts which facilitates their 

relationship with local customers in banking activities (Beck et al., 2018). 

On the other hand, foreign banks would find it more difficult to develop such relationships 

for a number of reasons. First, because of their organizational complexity, it would be difficult 

for them to transfer soft information to the headquarters where important decisions are taken. 

Moreover, their limited knowledge of local markets would prevent them to be closer to the local 

borrowers. For these reasons, they would prioritize lending strategies that use more hard 

information and less soft information (De la Torre et al., 2010). For instance, they offer 

standardized products and rely on credit scoring tools for their management. 

The sharing of credit information on borrowers would however favor the use of hard 

information in lending activities and hence would enhance arm-length strategies for which 

foreign banks are more likely to have a comparative advantage. In contrast, it would reduce the 

reliance of banking activities on relationship lending for which domestic banks have a 

comparative advantage. In addition, foreign banks could compete aggressively with domestic 

banks by offering loans with better terms. In this way, they could attract the best borrowers so 

that they the disciplinary effect would benefit them more. For these reasons, we expect credit 

information sharing to favor foreign banks more than domestic banks as suggested by Petersen 

and Rajan (2002). 

To test that hypothesis, we first estimate our baseline specification for domestic banks 

and foreign banks separately.7 We then incorporate the interaction between the ownership 

variable (a dummy variable indicating if the bank is foreign or not) with the credit information 

index in the baseline specification. We extract the information on bank ownership from 

Claessens and Van Horen (2014) who define a foreign bank as a bank with 50% or more of its 

 
7 When it comes to the expansion of foreign banks in SSA, a growing literature distinguishes pan-african 

banks among foreign banks across Africa (Beck et al., 2014; Zins and Weill, 2014).   
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shares are held by foreigners. We update their database with information on the Internet. We 

are thus able to identify 98 foreign banks and 63 domestic ones. 

The results are reported in Table 4. In the first two columns of the table, we report the 

results separately for foreign and domestic banks separately. The coefficient of credit 

information is positive and statistically significant in both columns and their magnitude is 

similar. This is confirmed in the third column of the table in which we include the interaction 

between credit information index and the dummy variable indicating foreign ownership. In fact, 

the coefficient of this interaction variable is not statistically significant at conventional levels. 

This implies that improvements in credit information sharing stabilize both foreign and 

domestic banks in the same way. We thus fail to confirm the hypothesis that credit information 

sharing favors foreign banks more than domestic ones. 

The absence of a disproportionate effect of credit information sharing for foreign banks 

is consistent with the fact that these banks resort to alternative techniques to compensate for 

their informational disadvantage. In fact, relationship lending is not the only way to overcome 

credit information frictions, contrary to what we implicitly assumed. Actually, banks may also 

design loan contracts differently. For instance, they can offer loans with shorter maturity or 

demand more collateral. Beck et al. (2018) show that foreign banks are more likely to resort to 

such techniques to explain their disadvantages. The use of these alternative techniques would 

be attractive when the overall quality of credit information sharing is still limed. 

Besides formal alternative techniques, banks, including foreign ones may also rely on 

informal methods to share information in the absence of formal credit information sharing 

institutions. For instance, in concentrated credit markets and when only a few banks dominate 

credit markets, bank managers can exchange credit information informally on the basis of 

reciprocity. Another way to have informal information is by collaborating with informal 

lenders. Banks can also rely on their agents which work on their behalf but are closer to 

borrowers. Foreign banks, thanks to their experience in local markets could use these alternative 

techniques to overcome information frictions. 
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Table 4: ISO, Ownership and Bank stability 

 (1) (2) (3) 

VARIABLES Foreign Banks Domestic Banks All Banks 

    

CreditInfo (t-1) 0.135 0.137 0.074 

 (3.726)*** (1.816)* (1.349) 

CreditInfo*Foreign (t-1)   0.069 

   (1.187) 

(Log of) total assets (t-1) -0.241 -0.201 -0.205 

 (-5.579)*** (-3.655)*** (-5.675)*** 

Loans to assets (t-1) 0.449 -0.552 0.018 

 (3.172)*** (-2.878)*** (0.151) 

Cost to Income (t-1) -0.001 -0.011 -0.004 

 (-0.951) (-10.731)*** (-7.021)*** 

(Log of) GDP per capita (t-1) -E-6 9E-5 4E-5 

 (-0.024) (1.260) (1.031) 

GDP growth (t-1) -0.685 -0.137 -0.376 

 (-1.660)* (-0.212) (-1.039) 

Creditor rights (t-1) 0.040 0.065 0.033 

 (1.795)* (1.674)* (1.547) 

Inflation (t-1) 0.001 0.001 -0.2E-4 

 (0.521) (0.876) (-0.180) 

Foreign (t-1)   0.075 

   (0.596) 

Constant 4.773 5.488 4.461 

 (8.682)*** (8.180)*** (9.563)*** 

    

Observations 633 448 1,087 

R-squared 0.922 0.909 0.902 

Bank FE YES YES YES 

Country FE NO NO NO 

Year FE YES YES YES 

Cragg-Donald 27.42 9.296 21.53 

Underidentification test (p-value) 0 1.20e-05 0 

Hansen J statistic 9.89e-07 0.248 1.781 

P-value of Hansen J statistic 0.999 0.618 0.182 

Anderson-Rubin F-test 0.002 0.235 0.007 
Table 4 reports the results of estimating the heterogenous effect of credit information depending bank ownership. We 

distinguish between Foreign banks in Column (1), Domestic banks in Column (2) and we introduce an interaction 

between foreign and credit information index in Column (3). In all columns, we instrument the credit information 

index with the WB_project. The robust t-statistics are reported in parentheses under each estimated coefficient. *** 

indicates statistical significance at the 1% (p<0.01), ** indicates statistical significance at the 5% (p<0.05) and * 

indicates statistical significance at the 10% (p<0.1). 

 

In addition, bank experience may be more important than bank ownership to overcome 

credit information frictions. In fact, a foreign bank, thanks to its experience in a given country, 

may develop closer relationships than domestic new competitors entering the market. This will 

allow the bank to self-provide credit information on borrowers (Balasubramanyan et al., 2021), 

thereby attenuating the comparative advantage of domestic banks in relationship lending. A 
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related argument concerns the ownership of the banks not in the local markets but in the regional 

ones. This is particularly true for pan-African banks who are shown to benefit from the 

combination of a better knowledge of local markets and better management abilities and best-

practice policies (Zins and Weill, 2018). 

 

2. Type and quality of Information in Credit Registries 

The composite index of credit information sharing assigns the same weight to each 

subcomponent with no clear reason. However, certain subcomponents are more likely to be 

relevant than others. For instance, the availability of data on loan amounts and borrowers and 

access to credit data would be the most relevant for the purpose of this study. Overall, through 

a factor analysis for instance, one can withdraw the relevant information contained in these 

characteristics based on data-driven weights without any a priori restriction on the weights 

assigned to each subcomponent. This would probably enhance the estimated effect of credit 

information sharing on financial stability since the information obtained with a factor analysis 

would be more insightful than that obtained with the same weights. Unfortunately, the data on 

subcomponents of credit information sharing is not available. 

Relatedly, the effect of credit information sharing would depend on the degree of 

compliance of users of credit information registries to their rules and on the ability of the 

governments to enforce these rules. In environment where these are absent, lenders might not 

thrust the information contained in credit registries, reducing the effectiveness of the latter. This 

suggests that the quality of the information or at least the trust financial institutions put in it 

would affect how credit information sharing affects financial stability. To document this effect, 

we interact credit information sharing with a measure of the rule of law and incorporate this 

interaction variable in our specification. The results are reported in Column (3) of Table (2.A6). 

They confirm our hypothesis. Indeed, the coefficient of the interaction variable is positive and 

statistically significant at the 10% level, which suggests that the effect of credit information on 

financial stability increases with the rule of law, consistent with the idea that lenders are more 

likely to use the information contained in credit reporting systems if they trust the quality of 

that information. 

 

3. Informal Financing and Credit Information Sharing 
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When certain firms or individuals do not have access to formal financial services, they 

turn to informal sources of finance such as rotating savings and credit associations, loan brokers, 

or loans from family and friends. Though informal finance provides an alternative to formal 

financial services, they are usually riskier than the latter for a couple of reasons.  

First, the interest rates offered by providers of informal finance are usually prohibitively 

high, increasing the inability of borrowers to repay their loans. This accentuates the hold-up 

problem between lenders and borrowers and discourages repayment rates. Second, given the 

limited capacity and small geographical coverage of informal finance providers, their ability to 

match savers with borrowers with investment opportunities is restricted. This increases the risk 

of the financial sector due to this lack of diversification in the loan portfolio of informal finance 

providers. Finally, while central banks might use monetary policy to stabilize the economy, the 

success of their policy measures is reduced by the extent of informal finance in the economy.  

Because credit information sharing could reduce the extent of informal finance in the 

economy, we also expect it to increase financial stability through that channel. Data availability 

constrains our ability to test that hypothesis more formerly. However, descriptive analysis 

shown in Figure 3 supports this hypothesis. The figure plots the relationship between the index 

of credit information sharing and the share of loans from family or friends over the share of 

loans from private lenders. The negative slope of the regression line suggests that the share of 

the informal financing relative to formal financing decreases as the index of credit information 

sharing increases.  
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Figure 3: Credit Information Sharing and Informal Finance 

 

 

VI. Conclusion 

Theoretical arguments predict that credit information would reduce the costs associated 

with asymmetric information thereby fostering financial development and strengthening 

financial stability. In this respect, two questions remain unanswered in the existing literature. 

First, what are the effects of credit information sharing on the stability of banks operating in 

SSA countries? Second, is the effect homogenous across banks? In this chapter we offer 

empirical answers to both questions. 

To this end, the present chapter specifically merges bank level information with country 

level information to assess the impact of credit information sharing on the stability of banks 

measured by their z-score. We instrument credit information with the participation in the World 

Bank projects and show that banks become more stable as the quality of the information 

contained credit registries improves. This result is robust to a set of sensitivity checks. 

Furthermore, despite the fact that foreign banks have an informational disadvantage over 

domestic counterparts due to information frictions and would hence benefit more from credit 
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information sharing, our results indicate that both types of banks are affected in the same way. 

This is consistent with the idea that foreign banks rely on alternative strategies to compensate 

for their informational disadvantage in local markets. 

The results highlighted in this study suggest that governments and central banks across 

the continent interested in strengthening the financial stability of their countries could resort to 

credit information sharing institutions. This would allow them to promote a sustainable 

financial development and hence reap the full benefits of financial systems. Moreover, by 

sharing credit information and combining it with digital financial services, a country could 

increase its data transparency which could bring additional non-negligible returns by reducing 

their cost of external borrowing for instance (Kubota and Zeufack, 2020).  

Future research may explore at least three questions. The first is the design of credit 

information sharing systems to take advantage of the opportunities provided by financial 

innovation. In fact, the continent has witnessed a rapid adoption of digital and mobile 

technologies which offers an unprecedented opportunity to keeping track of the information on 

users. This information can fit into the framework of credit information sharing and could be 

used as a substitute/complement to the formal credit information sharing institutions in order to 

build reputational collateral. Taking this into consideration in a proper design of credit 

information sharing infrastructure could bring substantial gains in a context where the financial 

sector is one of the least developed. 

Second, credit information sharing is theoretically expected to be more beneficial for 

small businesses by helping them build their reputational collateral since the latter usually lack 

physical collateral. Moreover, given that some sectors are opaque by definition, it may happen 

that ISOs are detrimental to them in that banks might either reallocate their loan portfolio 

towards less risky sectors or increase the interest rate applied to these opaque borrowers. The 

empirical evidence on distributional effects of credit information sharing from the perspective 

of borrowers is still limited in developing world. Understanding the answers to these questions 

would enable a better design of credit information institutions. 

Third, while we have highlighted its merits for financial stability, credit information 

sharing involves the collection of sensible data. This might lead to abusive uses of those data 

by market participants. Therefore, policymakers should also ensure the fair and efficient use of 

the data as well as the sensitivity of data sharing requests. This calls for a proper regulation of 

credit information sharing to make sure that consumers’ privacy is well respected.  
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Appendix 

Figure A1: Evolution of ISOs through time 

 

Note: Figure A1 plots the evolution of the number of credit information sharing institutions as well as their 

coverage from 2004 to 2015. It differentiates between public credit registries and private credit bureaus.  
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Table A1: Variables and Sources 

Variable Description Sources 

z-score It represents the number of standard deviations of return 

on assets below the capital assets ratio by which profits 

would have to fall so as to just deplete equity capital. It is 

computed as: (CARit+ ROAit) / SD(ROA)i. 

Bankscope 

Total Assets Total assests of the bank Bankscope 

Cost to income Ratio of a bank’s total costs divided by its total income  Bankscope 

Loans to assests Gross loans of the bank Bankscope 

CAR Captial assets ratio Bankscope 

ROA Return on assets after tax Bankscope 

Loan loss provisions Provisions for loan losses Bankscope 

Foreign Dummy variable indicating if a bank is a foreign bank or 

not.  

Claessens and 

Van Horen 

(2014) 

Credit Info It is an index that measures the rules affecting the scope, 

the quality, and the accessibility of credit information 

available through public credit registries or private credit 

bureaus. It ranges from 0 to 6 with higher values 

indicating better credit information 

WDI 

Real GDP per capita Constant real GDP evaluated at the price of 2010 US$ 

divided by the mid-year population 

WDI 

GDP growth Growth rate of the real GDP per capita WDI 

Creditor Rights An index that measures the powers of secured creditors in 

bankruptcy.  

Doing 

Business 

Inflation It is measured as the annual percentage change in the 

consumer price index  

WDI 

Concentration Largest three banks assets concentration ratio Financial 

Structure 

Database 

Domestic Credit (% 

GDP) 

It refers to financial resources provided to the private 

sector. 

GFDD 

Reforms_Global A dummy variable that takes the value 1 if a reform took 

place in a country at a given year during the period of 

study 

Doing 

Business 

Worl Bank Projects A dummy variable that takes the value 1 if a country 

participates in a World Bank Project.  

World Bank 

Population Total population of all resident of ages between 15 to 64 WDI 

Rule of Law Captures perceptions of the extent to which agents have 

confidence in and abide by the rules of society, and in 

particular the quality of contract enforcement, property 

rights, the police, and the courts, as well as the likelihood 

of crime and violence.  

WGI 

Polity2 Democracy Index Polity IV 

database 

PCR and PCB Percentage of firms and individuals covered in Public 

Credit Registries and Private Credit Bureaus repectively 

Doing 

Business  

Risk-weighted assets Bank regulatory capital to risk-weighted assets  GFDD  
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Table A2: Countries covered in this chapter 

Countries Average Credit Info Number of Banks 

Angola 3.22 11 

Benin 1 4 

Botswana 4 5 

Burkina Faso 1 4 

Cameroon 1.44 6 

Cape Verde 3 .25 2 

Congo 1.89 3 

Congo, RDC 0 3 

Côte d’Ivoire 1 6 

Eritrea 0 2 

Ethiopia 1.78 6 

Gabon 2 4 

Ghana 1.44 10 

Kenya 3.11 17 

Lesotho 0 1 

Madagascar 0.44 2 

Mali 1 5 

Mauritius 2.38 12 

Mozambique 2.56 5 

Namibia 4 5 

Niger 1 1 

Nigeria 1.22 16 

Senegal 1 7 

South Africa 5.67 8 

Sudan 0.33 3 

Tanzania 0 6 

Togo 1 2 

Uganda 1.44 4 

Zambia 2 5 

Zimbabwe 3 2 

Table A2 shows the average credit information sharing index (in the second column)  

and the number of banks covered in this study (in the third column) by country. 
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Table A3: Correlation Table 

 z-score Credit 

Info 

Total 

assets 

Loans/ 

assets 

Cost 

income 

GDP/ 

capita 

GDP 

growth 

Dom 

credit 

Creditor 

Rights 

Concent

ration 

Inflation 

Z-score 1           

Credit Info 0.15*** 1          

Total assets 0.21*** 0.36*** 1         

Loans to assets 0.31*** 0.12*** 0.19*** 1        

Cost to income -0.24*** -0.04 -0.04 -0.11*** 1       

GDP capita 0.13*** 0.46*** 0.31*** 0.19*** -0.07*** 1      

GDP growth -0.040 -0.01 -0.07* -0.20*** -0.04 -0.04 1     

Domestic credit 0.20*** 0.53*** 0.56*** 0.36*** -0.09** 0.68*** -0.08* 1    

Creditor rights 0.12*** 0.32*** 0.10** 0.02 -0.05 0.02 0.08** 0.14*** 1   

Concentration 0.05 -0.10*** 0.10*** 0.11*** -0.01 0.10*** 0.04 0.04 -0.62*** 1  

Inflation -0.03 -0.09** -0.02 -0.19*** -0.03 -0.13*** 0.24*** -0.16*** 0.17*** 0.01 1 

            

Table A3 presents the bivariate contemporaneous correlation between all the variables used this chapter.  
* indicates statistical significance at the 5% level (p < 0.05); 
** indicates statistical significance at the 1% level (p < 0.01); 
***indicates statistical significance at the 0.1% level (p < 0.001). 
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Table A4: Macroeconomic and Political Factors, and Additional Instruments 

    Additional Instruments 

VARIABLES Macroecono

mic 

Management 

Government 

stability 

Alternative 

Funds 

Urbanization Population 

      

CreditInfo (t-1) 0.111 0.094 0.127 0.115 0.099 

 (2.937)*** (2.844)*** (3.849)*** (3.058)*** (2.733)*** 

(Log of) totl assets (t-1) -0.214 -0.214 -0.190 -0.212 -0.210 

 (-5.956)*** (-5.908)*** (-5.348)*** (-5.995)*** (-6.007)*** 

Loans to assets (t-1) 0.012 -0.058 -0.175 0.025 0.009 

 (0.099) (-0.477) (-1.437) (0.210) (0.071) 

Cost to Income (t-1) -0.004 -0.004 -0.002 -0.004 -0.004 

 (-7.211)*** (-7.779)*** (-4.158)*** (-7.099)*** (-7.339)*** 

(Log of) GDP per capita (t-1) 0.000 0.000 0.000 0.000 0.000 

 (0.831) (1.404) (1.146) (1.215) (1.392) 

GDP growth (t-1) -0.276 -0.102 0.278 -0.377 -0.350 

 (-0.720) (-0.258) (0.715) (-1.049) (-0.985) 

Creditor rights (t-1) 0.036 0.045 0.045 0.037 0.032 

 (1.723)* (2.233)** (2.237)** (1.785)* (1.567) 

Inflation (t-1) 0.000 -0.000 0.001 -0.000 -0.000 

 (0.258) (-0.060) (0.608) (-0.107) (-0.265) 

Current account (% GDP) (t-1) -0.002  -0.006   

 (-0.957)  (-2.205)**   

Debt_GDP (t-1) 0.002  0.001   

 (1.167)  (0.830)   

Government Stability (t-1)  0.015 0.021   

  (0.924) (1.310)   

      

Observations 1,065 1,016 888 1,087 1,087 

Adjusted R-squared 0.885 0.887 0.902 0.884 0.887 

Bank FE YES YES YES YES YES 

Country FE NO NO NO NO NO 

Year FE YES YES YES YES YES 

Cragg-Donald 34.03 42.48 36.74 22.692 23.883 

Underidentification test (p-value) 0.000 0.000 0.000 0.000 0.000 

Hansen J statistic 1.690 0.265 0.364 1.895 5.702 

P-value of Hansen J statistic 0.194 0.607 0.546 0.388 0.058 

Anderson-Rubin F-test 0.012 0.028 0.043 0.020 0.010 
Table A4 reports the results several robustness checks targeting the exogeneity of the instrument. In the first column, 

we control for macroeconomic management while in the second column, we control for democracy. In Column (3), 

we control for alternative funds wile columns (4) and (5), we respectively add urbanization and population 

respectively to the instrument set. In all columns, we control for both country and year fixed effects. We cluster the 

standard errors at country level and report the corresponding t-stats in parentheses under each estimated coefficient. 

*** indicates statistical significance at the 1% (p<0.01), ** indicates statistical significance at the 5% (p<0.05) and 

* indicates statistical significance at the 10% (p<0.1). 
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Table A5: Alternative Measures of ISOs and Stability 

 (1) (2) (3) 

VARIABLES PCR PCB PCR and PCB 

    

Public Credit Registries (t-1) 0.003  0.004 

 (1.450)  (2.077)** 

Private Credit Bureaus (t-1)  0.005 0.007 

  (1.707)* (2.263)** 

CreditInfo (t-1)    

    

(Log of) totl assets (t-1) -0.232 -0.223 -0.227 

 (-6.959)*** (-6.684)*** (-6.795)*** 

Loans to assets (t-1) -0.073 -0.062 -0.050 
 (-0.636) (-0.541) (-0.440) 

Cost to Income (t-1) -0.004 -0.004 -0.004 

 (-8.528)*** (-8.309)*** (-8.412)*** 

(Log of) GDP per capita (t-1) 0.000 0.000 0.000 

 (0.805) (2.710)*** (0.113) 

GDP growth (t-1) -0.201 -0.214 -0.257 

 (-0.563) (-0.599) (-0.718) 

Creditor rights (t-1) -0.023 -0.016 -0.021 

 (-1.416) (-1.034) (-1.322) 

Inflation (t-1) -0.001 -0.001 -0.001 

 (-0.741) (-0.653) (-0.665) 

Constant 5.252 5.004 5.275 

 (11.406)*** (11.337)*** (11.477)*** 

    

Observations 1,181 1,181 1,181 

R-squared 0.910 0.910 0.910 

Bank FE YES YES YES 

Country FE NO NO NO 

Year FE YES YES YES 
Table A5 reports the results of measuring the credit information sharing with their coverage. We distinguish between 

public credit registries (PCR) in Column (1) and private credit bureaus (PCB) in Column (2). In Column (3), we 

include both types of institutions altogether. In all columns, we control for both country and year fixed effects. We 

cluster the standard errors at country level and report the corresponding t-stats in parentheses under each estimated 

coefficient. *** indicates statistical significance at the 1% (p<0.01), ** indicates statistical significance at the 5% 

(p<0.05) and * indicates statistical significance at the 10% (p<0.1). 
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Table A6: Robustness Checks 

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

VARIABLES Reforms Concentration Risk-Weighted 

assets 

Winsorizing Loan Loss 

Provisions 

      

CreditInfo (t-1) 0.112 0.120 0.125 0.106 -0.005 

 (2.827)*** (2.465)** (3.094)*** (3.191)*** (-2.106)** 

(Log of) total assets (t-1) -0.213 -0.211 -0.230 -0.204 0.005 

 (-6.031)*** (-5.936)*** (-4.502)*** (-6.546)*** (1.976)** 

Loans to assets (t-1) 0.025 0.023 0.042 0.004 0.025 

 (0.205) (0.183) (0.248) (0.040) (3.066)*** 

Cost to Income (t-1) -0.004 -0.004 -0.003 -0.003 0.000 

 (-7.091)*** (-6.899)*** (-5.090)*** (-6.137)*** (2.400)** 

(Log of) GDP per capita (t-1) 0.000 0.000 0.000 0.000 0.000 

 (1.228) (1.241) (0.892) (0.600) (0.639) 

GDP growth (t-1) -0.378 -0.340 0.110 -0.182 0.026 

 (-1.053) (-0.920) (0.152) (-0.577) (1.018) 

Creditor rights (t-1) 0.041 0.039 0.047 0.032 -0.000 

 (1.919)* (1.704)* (1.999)** (1.770)* (-0.175) 

Inflation (t-1) -0.000 -0.000 0.000 -0.000 0.000 

 (-0.124) (-0.185) (0.118) (-0.346) (0.516) 

Reforms global (t-1) -0.030     

 (-0.445)     

Concentration (t-1)  0.001    

  (0.451)    

Risky Assets (t-1)   -0.000   

   (-0.022)   

Constant 4.643 4.362 4.739 4.580 -0.018 

 (10.179)*** (7.201)*** (7.075)*** (11.408)*** (-0.574) 

      

Observations 1,087 1,076 660 1,087 1,018 

R-squared 0.903 0.902 0.909 0.919 0.571 

Bank FE YES YES YES YES YES 

Country FE NO NO NO NO NO 

Year FE YES YES YES YES YES 

Cragg-Donald 30.37 21.06 27.60 33.91 37.28 

Underidentification test (p-value) 0 0 0 0 0 

Hansen J statistic 1.684 1.830 0.657 1.212 1.809 

P-value of Hansen J statistic 0.194 0.176 0.417 0.271 0.179 

Anderson-Rubin F-test 0.015 0.030 0.013 0.007 0.0724 
Table A6 reports the results of several robustness checks. In column (1)-(3) control respectively for reforms, the 

degree of credit markets concentration, and the regulatory risk-weighted assets. Column (4) winsorizes the sample to 

1% and 99%. All estimations are performed using the IV approach. The robust t-statistics are reported in parentheses 

under each estimated coefficient. *** indicates statistical significance at the 1% (p<0.01), ** indicates statistical 

significance at the 5% (p<0.05) and * indicates statistical significance at the 10% (p<0.1). 
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Table A7: Additional Results 

 (1) (2) (3) 

VARIABLES Time Varying 

SD(ROA) 

Time Varying 

SD(ROA) 

Interaction with 

Rule of Law 

    

CreditInfo (t-1) 0.130 0.176 0.098 

 (2.053)** (1.885)* (3.621)*** 

(CreditInfo)*(Rule of Law) (t-1)   0.141 

   (1.770)* 

Rule of Law (t-1)   -0.100 

   (-0.654) 

Constant 3.032 3.312 5.548 

 (3.937)*** (2.922)*** (8.797)*** 

    

Observations 1,087 1,087 1,087 

Adjusted R-squared 0.712 0.514 0.888 

Bank FE YES YES YES 

Country FE NO NO NO 

Year FE NO NO NO 

    

Marginal Effects    

 Minimum   -0.153 

   (-1.16) 

 Mean   0.034 

   (1.01) 

 Maximum   0.238 

   (2.52)** 

Table A7 is dedicated to additional results. It focuses on the time varying SD(ROA) in the first two 

columns by computing the SD(ROA) over subperiods of 5 and 3 years respectively in Column (1) and 

Column (2). The third column show the result of interacting the index of credit information sharing with 

rule of law. Robust standard errors are reported under each estimated coefficient. *** indicates statistical 

significance at the 1% (p<0.01), ** indicates statistical significance at the 5% (p<0.05) and * indicates statistical 

significance at the 10% (p<0.1). 
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