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Big techs, QR code payments and financial inclusion
 

Abstract

Using a unique dataset of around half a million Chinese firms that use a QR code-based mobile
payment system, we find that (i) the creation of a digital payment footprint allows firms to access
credit provided by the same big tech company; (ii) transaction data generated via QR code
generate spillover effects on access to bank credit; and (iii) there are positive effects of access to
big tech credit on sales, including during the Covid-19 shock. The findings suggest that access to
innovative payment methods helps micro firms build up credit history, and that using big tech
credit can ease access to bank credit.
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1. Introduction 

The presence of information asymmetries between small firms and credit 

intermediaries is a serious problem that may reduce financing of good investment 

opportunities and the development of promising entrepreneurs’ projects (Petersen and 

Rajan, 1994; Berger and Udell, 1995, 2006). Possible solutions to mitigate this 

problem for small enterprises are posting collateral or relying on credit history 

(techniques often referred to as transaction-based lending) or building close and long-

term relationships with specific lenders (often referred to as relationship lending). Big 

data and machine learning, however, have provided a new solution, allowing large 

technology firms (also referred to as big techs) to use credit-scoring techniques to 

provide lending for clients operating in their business platforms (BIS, 2019). 

This paper gauges the example of Ant Group, which started providing payment 

services through QR codes, thus giving offline merchants access to digital payment 

services, and uses the information collected through these services to decide on credit 

provision to merchants. We find that the use of QR codes for payment services allows 

such offline merchants to gain not only access to credit from the big tech company 

but also (by being included in the credit registry after having received big tech loans) 

access to unsecured bank credit. We also document positive real effects of the use of 

big tech credit, including during the Covid-19 pandemic, when recovery in 

transactions was 20% more pronounced for users of big tech credit than for non-users.  

Theory and evidence have provided contrasting evidence on the role of new providers 

of financial services, such as fintech and big tech companies as substitutes or 

complements for incumbent banks. Our findings point to the potential of big tech 

companies to provide credit services to previously unbanked small firms, and to the 

positive spillover effects that the use of big tech loans can have for access to bank 

credit.  

Big techs are large companies that operate platforms enabling direct interaction 

among a large number of users over a range of businesses, including e-commerce, 

social media, internet search, mobile phone hardware and software, ride hailing and 

telecommunications (Frost et al, 2019; Stulz, 2019). Increasingly, big techs have 

become substantial players in payments in several advanced and emerging market 

economies (FSB, 2019a, 2019b). They account for 94% of mobile payments in China 



 3 

(Carstens et al, 2021). Globally, big tech credit grew by 40% in 2020 alone, to a total 

of over $700 billion. In some jurisdictions, big techs have participated in government 

credit schemes during the Covid-19 pandemic period (Cornelli et al, 2021). 

The use of Quick Response (QR) codes, as used by Ant Group, can have positive 

effects for financial inclusion beyond the simple efficient processing of transaction 

payments. Small businesses not equipped with point of sale (POS) machines are now 

able to collect payment through a simple QR code that they can easily print. A QR 

scan code system allows small vendors to improve the processing of payments and 

provide, at the same time, relevant information to payment companies that operate the 

platforms. For example, in China firms that are active on e-commerce platforms (e.g., 

online merchants operating on Taobao and Tmall, two Alibaba e-commerce platforms) 

are integrated into the big tech’s platform ecosystem. The big tech firm is thus able to 

collect large amounts of information not only on clients’ payment transactions but 

also on their input-output production chain and their client networks. Big tech 

companies can use these data to very precisely assess firms’ behaviour and 

characteristics. Importantly, data can also be collected for offline merchants (e.g., 

shops or restaurants) that do not trade on the e-commerce platform.  

In addition to more effective payment services, the use of QR payment services 

generates a vast amount of data that can be used to better assess the risk profile of 

customers and provide them with other financial services. For example, the 

application of machine learning techniques on big data is widely used for credit 

scoring, which mitigates asymmetric information problems between lenders and 

borrowers. As mentioned above, payment data are collected not only for firms that 

operate on the e-commerce platform (online firms) and are perfectly integrated in the 

big tech ecosystem, but also for firms that operate on other more traditional business 

channels (offline). Payment data are typically merged with other non-traditional data 

derived from the use of apps or social media. 

This paper explores whether (i) the use of QR codes in payments allows firms to have 

access to big tech credit; (ii) access/use of big tech credit allows firms to have access 

to more traditional bank credit; and (iii) there are real effects of the use of QR codes 

in payment and the subsequent provision of credit on firms’ business volume. 
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To answer these questions, we use a unique dataset that compares the characteristics 

of loans provided by MYbank, one of the brands under Ant Group (an important big 

tech company in China) with loans supplied by traditional financial institutions. In 

particular, we analyse a random sample of around 500,000 Chinese firms that received 

credit from a big tech company and/or traditional financial institutions in the period 

2017:01-2020:07. We consider the period 2017:01-2019:12 for our baseline results 

and use part of the Covid pandemic period (2020:01-2020:06) for a specific test on 

the real effects of the use of big tech credit as a cushion against the shock. We have 

access to detailed information on credit supplied by MYBank and firm characteristics 

at monthly frequency. 1  In particular, we have access to credit data and specific 

information used to model firms’ creditworthiness, such as vendor transaction 

volumes and their network score. The latter measures users’ centrality in the network 

and is based on a firm’s payments history and social interactions of the entrepreneur 

in the Alipay ecosystem.  

We find that the creation of a digital payment footprint allows firms to access other 

financial services and products offered by big techs. We also find that the use of big 

tech financial services and transaction data generated via QR codes generates spillover 

effects on bank credit. Specifically, the inclusion of big tech credit exposure in the 

credit registry acts as a signalling device and allows SMEs to also access more 

traditional banking services. Further, the use of credit lines offered to firms has 

positive effects on firms’ business volume. These effects are quantitatively small in 

normal times, reflecting the use of credit lines mainly for liquidity management, not 

to expand the business, but significantly larger during the Covid-19 period, when 

credit lines are used to insulate the effects of an unexpected shock.   

Related literature. We contribute mostly to four broad strands of literature. First, we 

provide new supportive evidence on the real effect of fintech credit (especially for big 

tech credit) and the way it can contribute to financial inclusion (BIS, 2019). Barrot 

and Nanda (2020) find strong direct effects of quick pay, a reform that permanently 

accelerated payments to small business contractors, on employment growth at the firm 

level. Using data from Alibaba’s online retail platform, Hau et al. (2021) show that 

fintech credit approval and credit use boost a vendor’s sales and transaction growth. 

 
1  All the data remained located at the Ant Group headquarters, and the regression analysis was conducted onsite 

by employees of MYbank, without the need to export the raw data. 
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Suri et al. (2021) study the Kenyan case and find that fintech credit can improve 

households’ resilience: households are 6.3 percentage points less likely to forgo 

expenses due to negative shocks. Similarly, Ji et al. (2021) find that individuals’ 

consumption significantly increases after being extended fintech consumer credit. Our 

paper contributes by complementing these results and finding that use of QR payments 

increases the probability of credit access/use for small and micro businesses and that 

this has positive effects on firms’ business volumes, including during the pandemic. 

Unlike previous studies, our sample of firms contains not only firms operating on the 

e-commerce platforms (online firms) but also those that use more traditional business 

channels (offline firms).  

Second, our paper is related to the literature that studies the interaction between fintech 

and traditional banking. Tang (2019) shows for the US that peer-to-peer (P2P) lending 

is a substitute for bank lending in terms of serving infra-marginal bank borrowers, yet 

complements bank lending with respect to small loans, while Cornaggia et al. (2018) 

find that high-risk fintech loans tend to substitute bank loans, while low-risk loans 

complement them and tend to expand the overall mass of credit provided to the 

economy. Chava et al. (2021) find that borrowers of marketplace lenders (MPL) reduce 

their traditional credit card balances after MPL origination, which increases their credit 

scores and ultimately enables additional lending from banks, thus higher aggregate 

indebtedness and ultimately higher default rates. Di Maggio and Yao (2021) show that 

fintech lenders in the US acquire market share by lending first to higher-risk borrowers 

and then to safer ones, and rely mainly on hard information to make credit 

decisions. We show that the use of big tech financial services and transaction data 

generated via QR codes produces spillover effects on bank credit; the inclusion of big 

tech loans in the credit registry allows small and medium-sized enterprises (SMEs) to 

be better screened/monitored by banks. With this, we also connect to a small literature 

focusing specifically on spillover effects from one segment of the financial system to 

another; Agarwal et al. (2021), for example, examine the impact of a large-scale 

microcredit expansion programme in Rwanda on financial access and show that a 

sizable share of first-time borrowers switched to banks, which cream-skim less risky 

borrowers and grant them larger, cheaper, and longer-maturity loans. Our paper is also 

closely related to that of Balyuk (2022), who finds that US banks expand credit access 

for consumers who obtain fintech loans. This effect is stronger for more credit-
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constrained consumers, consistent with the idea that fintech activity could help to solve 

information frictions. Our paper complements these findings, looking at the case of 

SMEs in China and how use of a QR code-based mobile payment system could 

contribute to financial inclusion.  

Third, we contribute to the empirical literature that studies asymmetric information 

problems in credit markets. In this stream of the literature, collateral plays a key role in 

mitigating the financial constraints for the development of economic activity (Stiglitz 

and Weiss, 1981; Besanko and Thakor, 1987; Cerqueiro et al, 2016). Schmalz et al 

(2016) find that an increase in collateral value (proxied by house prices) leads to a 

higher probability of becoming an entrepreneur.2 Our paper investigates how the use 

of massive data by big techs to assess firms’ creditworthiness could reduce the need 

for collateral in solving asymmetric information problems.  

Fourth, the paper contributes to the recent literature that looks at the informational 

content of digital soft information and credit performance. Dorfleitner et al. (2016) 

study the relationship between soft factors in P2P loan applications and financing and 

default outcomes. Using data on the two leading European P2P lending platforms, 

Smava and Auxmoney, they find that soft factors influence the funding probability but 

not the default probability. Jagtiani and Lemieux (2018a) find that the rating grades 

assigned on the basis of alternative data perform well in predicting loan performance 

over the two years after origination. The use of alternative data has allowed some 

borrowers who would have been classified as subprime by traditional criteria to be 

slotted into “better” loan grades, enabling them to benefit from lower-priced credit. 

Berg et al. (2020) show that digital footprints are a good predictor of the default rate 

and equal to or better than the information from credit bureau scores. Iyer et al. (2016) 

analyse the performance of new online lending markets that rely on nonexpert 

individuals to screen their peers’ creditworthiness and find that these peer lenders 

predict an individual’s likelihood of defaulting on a loan with 45% greater accuracy 

than the borrower’s exact credit score (unobserved by the lenders, who only see a credit 

category). Gambacorta et al. (2019) find that the credit scoring models based on 

 
2  Another important way to mitigate asymmetric information problems is the creation of a long-term credit 

relationship between a bank and a firm (Berger and Udell, 1992; Petersen and Rajan, 1994). Several studies 
have shown that banking relationships continue to smooth credit supply to firms when banks themselves face 
external liquidity shocks in a downturn (Bolton et al, 2016; Beck et al, 2018). 
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machine learning and non-traditional data are better able to predict losses and defaults 

than traditional models in the presence of a negative shock to the aggregate credit 

supply. Huang et al. (2020) show that fintech risk management could benefit small 

business relatively more. Our paper provides new evidence showing that use of 

transaction data generated via QR code payments improves big tech credit scoring 

techniques and that this allows SMEs to be better screened/monitored.  

The rest of the paper is organised as follows. Section 2 presents the data and describes 

some stylised facts. Section 3 explains our empirical strategy and how we tackle 

identification issues. Section 4 presents the main results and robustness tests. The last 

section summarises the main conclusions. The Appendix reports stylised facts on Ant 

Group and some supplementary material. 

2. Data and stylized facts 

The empirical analysis in this paper focuses on Chinese micro and small enterprises 

that obtained credit from Ant Group.3 For these firms, we can also observe their credit 

history and we can distinguish between collateralised and unsecured bank credit. All 

credit by Ant Group is unsecured and is provided by MYbank.  

The database is constructed at the firm-month level over the period 2017:01 to 2020:07. 

The sample includes around 500,000 firms that have been randomly selected from a 

larger sample of more than 80 million firms that recorded transaction records every 

month and obtained bank credit since January 2017.4 We use two different samples in 

our estimations, one on a monthly basis from 2017 to 2019 and one on a weekly basis 

from the end of October 2019 to June 2020.  

Table 1a presents the summary statistics on our monthly database for normal times 

(2017:01-2019:12) and is divided into four panels: (i) Credit information; (ii) Firms’ 

characteristics; (iii) Entrepreneurs’ characteristics; (iv) Economic and financial 

 
3  The Alibaba Group is one of the biggest tech companies in the world. It was publicly listed on the New York 

Stock Exchange in September 2014 and on the Hong Kong Stock Exchange in November 2019. Alibaba has 
a market capitalisation of around USD 305 billion USD in NYSE and HKD 2.4 trillion in SEHK as of 28th 
January 2022. Alipay is a third-party mobile and online payment platform, established by the Alibaba Group 
that was subsequently rebranded as Ant Financial Services Group in October 2014 and Ant Group in June 
2020. Additional information on Ant Group is provided in the Appendix. 

4  The initial sample of 500,000 firms have been reduced to 475,000 firms, excluding the top 5% of firms by 
transaction size. This allows us to exclude very large enterprises (i.e., supermarkets, good producers) that use 
the QR code payment system with a completely different business model. 
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conditions. Panel B reports weekly data that focus on the pre-pandemic period 

(2019.10.1-2020.1.25) and the pandemic period (2020.1.26-2020.6.30). The Appendix 

includes summary statistics separately for firms that had access to big tech credit, firms 

that used it and bank borrowers. 

For big tech credit, we have more than 9 million firm-month observations. Over the 

sample period 58.2% of the observations refer to QR Code merchants that had access 

to big tech credit and 4.8% to merchants who also used it. The use of bank credit is 

much more limited: less than 1% of the QR Code merchants use bank credit (0.5% use 

unsecured bank credit and 0.2% use secured bank credit).  

To give a sense of the evolution of financial inclusion over the sample period, Table 1a 

reports information also in two specific points in time: i) when firms have access to the 

QR code based mobile payment system for the first time; ii) at the end of the sample 

period. 

When firms start to use QR code applications, 16% of them have already access to big 

tech credit, but only 0.2% use it. Most of the firms that have access to big tech credit 

have access to specific big tech credit products tailored for firms on e-commerce 

platforms. Interestingly, only 0.1% of firms when they start to use QR code payment 

system uses bank credit, mostly in the form of credit lines. Overall, the use of big tech 

credit and bank credit is very limited and concentrated to firms that operate online. 

At the end of the sample (December 2019, before the Covid-19 pandemic), 69.8% of 

firms in our database have access to big tech credit and 7.8% use it. The percentage of 

firms that use bank credit increase to 1.2%, again mostly in the form of credit lines. 

The increase from 0.1% to 1.2% is economically relevant for such a short period of 

time, also considering that it involves 15% of the firms that use big tech credit. 

Looking only at those firms that use bank credit (i.e., “banked firms”), we find that 

only 11% of these firms use also big tech credit (Figure 1). Among firms with bank 

credit, only very few have no access to MYbank credit (only 0.2% of the cases) or have 

access to but do not use MYbank credit (0.5%). The separation of bank and MYbank 

client is even more stringent in the case of secured bank credit borrowers, where fewer 

than 2% also use MYbank credit.  

The median credit volume for big tech borrowers is RMB 10,000 (USD 1500), 

reflecting the micro nature of MYbank credit and the short maturity of the contract. Big 
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tech credit is typically granted for short periods and in the form of a credit line (mainly 

1 month; see Figure 2) and then rolled over, as long as the credit approval remains in 

place. The median bank credit is of RMB 80,773 (USD 12,100); the larger size of the 

loan also comes with longer loan maturity (1 to 3 years). By contrast, the difference in 

firm size between big tech and bank credit users is not large. The median monthly 

transaction volume of firms that use big tech credit is RMB 3,388 (USD 510), while 

that for firms that use bank credit is RMB 4,485 (USD 705). Interestingly, the median 

firm that uses big tech credit is less connected in the big tech ecosystem than firms that 

use bank credit (the network scores - that measures users’ centrality in the ecosystem - 

are 49 and 54, respectively).5 There is a positive correlation between firms’ size and 

access to MYbank credit, as well as between MYbank credit use and bank credit use. 

Borrowers who access big tech credit are slightly younger (the median age is 34 years) 

than the owners of firms that use bank credit (36 years). More female entrepreneurs 

have access to MYbank credit.6 Despite the larger access to MYbank credit, female 

entrepreneurs tend to use less MYbank credit and bank credit.  

In the period under investigation big tech credit has lower default rates than bank credit. 

Table A1 in the Appendix taken from Gambacorta et al (2022) compares non-

performing loans (NPLs) for Chinese banks and for MYbank, focusing on credit to 

small and medium-sized enterprises. As reported in the first two rows of the table, 

NPLs for the Chinese banking industry have been substantially higher on average than 

for MYbank in the period under investigation in this paper (2017-2019) and also during 

the Covid-19 pandemic (2020). These results are consistent with Huang et al. (2020), 

who find that big tech credit scoring yields better prediction of loan defaults during 

normal times and periods of large exogenous shocks, reflecting information and 

modelling advantages.7 

 
5  The network score is obtained as a rank calculated using a PageRank algorithm. This algorithm was introduced 

by Larry Page, one of the founders of Google, to evaluate the importance of a particular website page. The 
calculation is done by means of webgraphs, where webpages are nodes and hyperlinks are edges. Each 
hyperlink to a page counts as a vote of support for that webpage. In the case of the Ant Group network score, 
customers and QR code merchants can be considered as interconnected nodes (webpages) and payment 
funding flows can be considered as edges (hyperlinks).  

6  This fact is very interesting because, in general, female entrepreneurs tend to be less financial included when 
considering traditional banks. In particular, data from the SME Finance Forum indicate that China’s 74 million 
SMEs face a share of financially excluded entrepreneurs of 43 per cent, rising to almost 63 per cent for women-
owned SMEs. See 202008_D2E_MyBank.pdf (ifc.org). 

7  The results contrast with the evidence in Brailovskaya et al. (2021) who show in the context of digital loans in 
Malawi that the majority of borrowers fail to repay on time and incur high late fees. 
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3. Empirical strategy 

We use duration models to gauge the time period that elapses between when a firm 

starts to use the QR code for payments and a given event (e.g., access to big tech credit, 

use of big tech credit or use of bank credit) referring to this time as QR Code duration. 

Duration models are applied in many economic fields, include the modelling of the 

length of time for a firm to go into default (e.g., Baele et al., 2014) or for individuals 

to remain unemployed (e.g., Kiefer, 1988). 

We estimate a duration model with exponential distribution as a baseline hazard 

function. The sign of coefficients on the regressors indicate if they contribute to 

increasing or decreasing the time that elapses between when a firm starts to use the QR 

code for payments and a given event. The model has the hazard rate as dependent 

variable that can be interpreted as a convolution of the probability for the given event 

to occur. Therefore, a positive sign of the coefficient indicates that the specific 

regressor shorten such time (increase the probability for the given event), whereas a 

negative sign of the coefficient indicates that the regressor tend to increase this time 

(reduces the probability for the given event). The hazard rate ( ) (probability that a 

given event happens at time t) for firm i is given by: 

 ( ) = ( ) exp ( )  (1) 

where, independent variables ( ) include firms’ financial and business conditions, 

macroeconomic variables, time and province fixed effects. ( ) is the baseline hazard 

function. Different kinds of proportional hazard models may be obtained by making 

different assumptions about the baseline hazard function. In our paper, we assume that 

 given by: 

 ( ) =  exp ( )  (2) 

Therefore, the probability a given event happens before time t (where t is the time that 

elapses between a firm starts to use the QR code) is given by: 

 

 ( ) = ( ) = exp  (3) 

We consider three main events in our paper: (i) the time that elapses between the date 
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a firm starts to use the QR code and the date the firm gets access to big tech credit, 

(ii) the time that elapses between when a firm starts to use the QR code and when the 

firm starts to use big tech credit, and (iii) the time that elapses between when a firm 

starts to use the QR code and when the firm obtains a loan from a traditional bank. 

4. Results 

4.1 Does the use of QR code in payment allow firm to have access to big tech credit? 

Figure 3 shows a rapid increase in the likelihood of gaining access to big tech credit 

the longer a firm uses the QR code in payments.  We start our analysis with the duration 

model that describes the amount of time that elapses between when a firm starts to use 

the QR code and when she receives the offer of a credit line from MYbank. The analysis 

is based on the Kaplan-Meier survival estimate, with the Y-axis reporting the 

probability of having access to big tech credit and the X-axis reporting QR Code 

Duration.8 The figure shows that after one year from starting use QR code payments, 

the probability to have access to a big tech credit line is almost 60 per cent. This 

probability increases to 80 per cent after two years. 

The first column of Table 2 reports the regression results of the duration model with 

time-invariant borrower characteristics (gender, age, house property, distance to bank 

branch), together with transaction volumes and network score. The probability to get 

big tech access increases by 64% if transaction volume increases by 10% at a specific 

point of time.9 The amount of time that it takes between when a firm starts to use the 

QR code and when she receives the offer of a credit line from the big tech is faster for 

entrepreneurs who own a house (even if big tech credit is not collateralised) and who 

are younger. Specifically, the probability to get big tech access is 1.76 times higher for 

entrepreneurs who own a house than for entrepreneurs who do not own a house 

(exp(0.566 6). Interestingly, access is faster for female entrepreneurs even though 

they are typically less likely to have a bank account. In particular, the probability for a 

male entrepreneur to have access to big tech credit is only 0.86 times that of a female 

 

8  For ease of representation, we show our results in graphical format computing the Kaplan and Meier 
(1958) estimators that indicate the probability that a given event occurs before t. The graphs report a non-
parametric estimate of the failure probability (1-survival probability) as a function of time t. 

9  The coefficient is 0.0497. This means that if transaction volume increases by 10%, the probability increase by 
64% (exp(0.0497*10)-1).  
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entrepreneur (exp(- 6). The speed of access to big tech credit is also 

negatively correlated with the distance of the firm’s location to bank branches. This 

could be explained by the fact that most firms are located in metropolitan areas where 

distance to bank branches is minimal and the fact that most micro-enterprises are 

located in commercial centres where also bank branches are located.  

4.2 Does the use of QR code in payment allow firm to use bank credit? 

The time a firm uses the QR code for payments does not seem to increase the 

probability of use of bank credit.  Figure 4 reports the results based on the Kaplan-

Meier survival estimate (green line). The Y-axis reports the probability of using bank 

credit, while the X-axis reports QR code duration. After one year from starting to use 

the QR code, the probability to use bank credit line is less than 1 per cent. This 

probability reaches only 2.5 per cent in 3 years.10 When focusing on unsecured (red) or 

secured (blue) bank credit, we find that for unsecured bank credit the probability reach 

1.5 per cent after three years, while it reaches less than 0.5 per cent for secured bank 

credit. In summary, it seems that for a firm having a simple documentation of 

transaction volumes (obtained by using QR Code payments) does not alter significantly 

the probability for the firm to use bank credit. This reflects the fact that big tech credit 

is more similar to unsecured bank credit and that secured bank credit requires a 

collateral asset to pledge that in many cases it is not available to small entrepreneurs. 

Indeed, the use of the QR code payment does not increase the speed of access to secured 

credit. After three years from starting use the QR code, the probability to use secured 

credit is very close to zero. It is interesting to note that, also the spillover effects for use 

of unsecured bank credit, while statistically significant, remain very small. 

The second column of Table 2 reports the corresponding regressions results. The time 

that elapses between when a firm starts to use the QR code and when she uses bank 

credit is strongly correlated with firm-specific variables (transaction volumes and 

network score). The other control variables have similar sign as in column I, with the 

notable exception of the gender variable. Male entrepreneurs tend to have a quicker use 

of bank credit. Columns III to V of Table 2 additionally control for (i) big tech credit 

 
10  The results do not change dramatically if we use a duration model to test directly how much it takes for a firm 

from having access to the big tech credit line to using the bank credit, restricting the sample only to firms that 
that have access to big tech credit. After three years from the offer of the credit line, only 2.8 per cent of firms 
use bank credit. 
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access, (ii) big tech credit use and (iii) both. The inclusion of these variables allows us 

to test in a nested model how the use of the QR payment technology affects the use of 

bank credit for firms with no access to or no use of big tech credit and those with access 

or use. The results are very similar to those already discussed above. Both access to 

and use of big tech credit increases the speed with which firms can access bank credit, 

when included separately. When included together, the use of big tech credit increases 

the speed with which firms get access to bank credit while access reduces it. The 

probability to use bank credit for those firms who use big tech credit is 8.9 times that 

for firms which do not use it at that point of time (exp(2.188 8.92). Controlling for 

the effects of big tech credit use, the probability to use bank credit for firms who have 

only access to big tech credit (but did not use it) is 0.7 that of other firms (exp(-

0.344 rms that had the opportunity 

to use big tech credit and did not use it have probably less need for bank credit as well. 

Figures 5 and 6 show that there are substantial differences in the economic effect of 

access to or use of big tech credit for the use of bank credit. After three years from the 

use of the QR code, the probability to use bank credit is only 3% for firms with access 

to MYBank credit, while it is 1.5% for those with no access to big tech credit (Figure 

5, left hand panel). Also in this case, spillover effects remain very low considering 

separately unsecured bank credit (centre panel) or secured bank credit (right hand 

panel). 11  Figure 6, on the other hand, shows that the use the big tech credit line 

increases significantly the probability of using of bank credit. After one year from 

starting use the QR codes, the probability to use bank credit line is around 8 per cent. 

This probability reaches 17 per cent after 3 years (left hand panel). By contrast, the 

probability for firms that do not use the credit line is always close to zero over the three 

years. Qualitatively the results remain similar when considering separately unsecured 

bank credit (centre panel) or secured bank credit (right hand panel).12  

Why is the spillover effect so different for a firm that uses the big tech credit line rather 

than for one that has simple access to it? One possible explanation for this difference 

is the positive signal given by the presence of the firm in the credit bureau. When a 

 
11  The specific regressions for the two different bank credit types are reported in columns II of Table 3 (unsecured 

bank credit) and Table 4 (secured bank credit).  
12  The specific regressions for the two different bank credit types are reported in columns III of Tables 3 

(unsecured bank credit) and Table 4 (secured bank credit).  
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firm uses the big tech credit line it does enter the PBC credit bureau system and starts 

to have a footprint in the financial system.13 This footprint is visible also for banks and 

represents a positive signal on firm’s quality, a result consistent with Agarwal et al 

(2021), though in a very different setting.14   

Figures 4, 5 and 6 have already pointed to important differences between secured and 

unsecured bank credit.  Tables 3 and 4 report the corresponding duration models.  

The first columns of Tables 3 and 4 report the results of models that evaluate how QR 

code duration affects use of unsecured and secured bank credit, respectively and are 

equivalent to column (2) of Table 2. We find that firms with higher transaction volume 

and network scores, male and younger entrepreneurs and with house property access 

and use both unsecured and secured bank credit more rapidly. While a shorter distance 

to the nearest bank branch accelerates use of secured bank credit it does not accelerate 

use of unsecured bank credit. As in Table 2, we then add subsequently, a dummy 

indicating (i) access to and (ii) use of big tech credit, before (iii) including both.   

4.3 Disentangling demand and supply effects 

Our results could be driven by credit demand rather than information spillover effects. 

A firm who borrows from a big tech may simply have a higher credit demand compared 

to other firms that would not use such credit even if offered. Given their higher credit 

demand, these firms (that use big tech credit) are more likely to ask for more credit also 

from traditional banks.  

To tackle this issue, we focus our attention only on firms that have used big tech credit, 

distinguishing their behaviour prior and after the use of big tech credit. In Table 5, we 

report the results of the duration model that describes the amount of time that elapses 

between when a firm starts to use the QR code and when she uses bank credit. We run 

the duration models for the three different types of bank credit (total, secured and 

 

13  Differently from credit registries in other countries, in China a credit line that is granted but not used by the 
firm is not registered. At the same time, there is no minimum threshold and all credit used – also of very limited 
amount – is reported in the credit registry system. 

14  A similar positive signalling effect is provided by mutual guarantee institutions (MGIs) in Italy. Mutual 
guarantee institution (MGI) members contribute to a guarantee fund which is then used as collateral to back 
loans granted to the members themselves. In this scheme, joint responsibility derives from firms’ contribution 
to the mutual fund. Columba et al. (2010) show that small firms affiliated to MGIs pay less for bank credit 
compared with similar firms. The reason is that each member of the MGI is better informed than banks about 
other members’ characteristics and behaviour and grant access to the fund only if members are financially 
resilient. Be part of a MGI creates a sort of certification effects on banks. 
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unsecured) but only for the subset of firms that have used big tech credit in our sample 

period and therefore should have more similar demand needs.15 We also include in the 

model directly the Big tech use dummy that allows us to consider the impact of the QR 

Code Duration on the event (use of bank credit) prior and after the use of big tech credit. 

The results in Table 5 show that the use of big tech credit is associated with firms more 

quickly gaining access to unsecured but not secured bank credit. Figure 7 reports, for 

each month that passes from the start of the use of QR code payment, the probability 

of having access to different form of bank credit. The results clearly show that even 

within the group of firms that use big tech credit at some point, the probability of bank 

credit use increases significantly after using big tech credit.16  

The spillover effects caused by the use of big tech credit could be heterogeneous for 

different characteristics of QR Code merchants. To test for such differences, in Table 

6 we include interaction terms between firm-specific characteristics and the big tech 

use dummy. The results indicate that the spillover effects from big tech use to bank 

credit use are larger for firms with female entrepreneurs, without house property and 

with lower network score. Other things being equal, these firms have more difficulties 

to have access to bank credit so the positive effects from using the QR code payments 

seems more helpful compared to other firms. Figure 8 reports the different probabilities 

for a spillover effect from big tech credit use to bank credit use for firms with different 

firm/entrepreneur’s characteristics.  

4.4 Real effects of big tech credit  

Next, we test whether the introduction of QR code payments and the use of big tech 

credit produces real effects for firms’ activity. The first test uses the period around the 

introduction of the big tech loan product, while the second test considers the whole pre-

Covid period (2017-2019); finally, we focus on the Covid-19 shock and compare the 

pre-pandemic to the pandemic period, considering firms with and without big tech 

credit. 

 

15  For comparison, we also run similar models for the subset of firms that had access to MYbank credit (see Table 
6). 

16  In robustness tests not reported here for the sake of brevity, results are confirmed also expanding our sample 
to all firms that gained access to MYbank credit even if they did not use it. 
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4.4.1 Introduction of MYbank credit 

The first test focuses on the initial offering of big tech loans. Ant Group introduced the 

possibility of MYBank credit products to QR Code merchants at the end of June 2017 

and started to supply loans in August 2017. We can use this exogenous shock to analyse 

the real effects of the provision of MYbank credit on firms’ transactions volumes, 

comparing firms with and without credit. We exclude August 2017 from the analysis 

and compare 3 months before (2017.5-2017.7) and 3 months afterwards (2017.9-

2017.11) the introduction of MYbank credit.  

To rule out the possibility that a selection in the treatment of different firms may 

influence our results, we use a propensity score matching combined with a difference-

in-differences type of analysis.  

We first average selected firms’ characteristics in the period before the launch of the 

new big tech loan product (pre-treatment period) and use log(transaction volume) for 

the pre-treatment period and average transaction volumes and growth rate of 

transaction volumes to predict the probability of being treated. Finally, we match each 

firm in the control group with one or more firm in the treatment group that has the 

closest score, that is the same probability of being treated. We estimate the following 

logit regression: 

 =  +  ln (  ) , + ln (  ) ,  +

ln (  ) ,  + ln (  ) ,  +

growth rate (  ) ,  + growth rate (  ) ,  +

 (4) 

where Treat  is a dummy that equals 1 if firm i is in the treatment group (obtain the big 

tech credit access in August 2017) and 0 otherwise. Matching is done using a Nearest 

Neighbor approach with a conservative Caliper equal to 0.0001. Finally, the matching 

is done with replacement, so that there is more than one match between a firm in the 

treatment with a firm in the control group. 

We then use the following difference-in-differences model.  

ln (  )  =  +   + + +  (5) 

where the dependent variables is the logarithm of transaction volume for firm i and 

time t. The dummy Treat takes the value of 1 for those QR Code merchants who 
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received MYbank credit approval in August 2017 (only in this initial month) and zero 

otherwise. The variable Post takes the value of 1 after August 2017 and zero before. 

We control for firm fixed effect  and time fixed effect .  is an error term.  

Standard errors are clustered at the firm level.17 

The results in Column 1 of Table 7 show that the transaction volume increases 9.6 per 

cent more for firms that had access to big tech credit (treated group) with respect to 

firms with similar characteristics which did not have access (control group). The left-

hand panel of Figure 9 visualizes the behaviour of the logarithm of transaction volumes 

of the two groups prior and after the launch of the offer of credit products by MYbank. 

The right-hand panel report the difference between the two firms’ type and 95% 

confidence bands. While there is no difference between the treated and the control 

group until August 2017, the treatment group achieves higher levels of transactions 

thereafter. 

The second test evaluates the effects of the provision of big tech credit over the period 

2017.2-2019.12, i.e., beyond the initial period of introduction. Similarly to the test 

above, we use a propensity score matching combined with a diff-in-diff type of analysis:  

 (  ) ,  =  +   , + + +  (6) 

Where the dependent variables is the logarithm of transaction volume for firm i and 

time T+k, while  is Firm*Time fixed effect, and   is the fixed effect to control 

period k.18 The range of k is from -3 to 3 and  is an error term. 

The dummy ,   takes the value of 1 for a firm i who received MYbank credit 

approval in T (only in this initial month). Those firms with ,  equal to zero 

represent our control group, composed of QR Code merchants who did not get MYbank 

credit approval before T+3 (but maybe later). The variable Post takes the value of 1 

after T and zero elsewhere. We analyse the three months before the supply of credit in 

 

17  The results are robust to the use of alternative cluster procedures, such as city*time level.  

18   It is worth noting that for test 2 we use a different set of fixed effects with respect to test 1. While in test 1 we 
evaluate a one-off shock, in test 2 we consider the effects over a time span of 36 months. For each group 
(control and treated) we evaluate seven periods (T-3, T-2, T-1, T, T+1, T+2, T+3) and therefore in regression 
(6), the level of observation is Firm (i) * Time (T) * Period (k). Following Brown and Earle (2017), we include 
in equation (6) both Firm*Time fixed effect and period k fixed effects.  



 18 

T and the three months afterwards. For each time T, we have a subsample which 

includes one control group and one treatment group.  

The left-hand panel of Figure 10 shows that the treatment group of firms grows their 

transaction volume at a higher rate once it receives loans from MYbank. The results 

reported in column II or Table 7 and in the right hand panel of Figure 10 show that the 

transaction volume (significantly) increases (by around 3.5 per cent more) for the 

treated group than for the control variable over the whole period.  

4.4.2 Real effects during the Covid19 pandemic 

The Covid-19 pandemic has hit the Chinese economy hard, with some sectors affected 

particularly badly. Lockdown measures have reduced activity in transport, leisure and 

retail industries have collapsed.  We now test if access to big tech credit provided a 

way to insulate the effects of the shock for SMEs. 

Different from above, we use weekly data to capture the effect during the Covid-19 

pandemic. Our sample period is from 30th Sep 2019 to 28th June 2020. In particular we 

compare the pre-Covid period (30th Sep 2019 to 19th Jan 2020) with the Covid period 

(26th Jan 2020 to 28th June 2020). 

We consider an approach that is similar to that described above, using a propensity 

score matching approach and a difference in difference model (see equation 5). The 

dependent variables is the logarithm of transaction volume for firm i and time t. The 

treatment dummy Treat takes the value of 1 for those QR Code merchants who received 

MYbank credit approval before 1st Oct 2019 and 0 otherwise. The variable Post takes 

the value of 1 after 26th Jan 2019 and zero elsewhere. Lock down policies in Chinese 

cities are captured by City*time fixed effect to control for geographically different 

effects of the pandemic. Time-invariant variables (eg pre-pandemic use of bank credit 

and other merchant-specific information) are captured by firm fixed effect. 

The results in Column III of Table 8 and illustrated in Figure 11 show that the 

transaction volume growth is around 20 per cent higher for the treated group than for 

the control group during the pandemic, suggesting that the real effect duration Covid-

19 are significantly large than that in normal time. It probably reflects the insulation 

value of big tech credit for firms to cope with the unexpected consequences of the 

shock. Figure 11 visualizes the behaviour of the logarithm of transaction volumes (at 

the weekly level) of the two groups prior and after the Covid-19 shock. 
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5. Conclusions 

The use of apps for mobile payments, through so-called QR codes, simplifies the 

collection of payments for firms at a reduced cost. This can help firms to increase 

transaction volumes and to disclose their characteristics via payment data. Big tech 

firms can process these data – together with other non-traditional information collected 

on social media, search engines and e-commerce platforms – to generate a credit score. 

Firms that are typically unbanked and lack financial statements can have access to small 

loans that are not collateralised and typically used to adjust their liquidity needs. 

Overall, the use of QR codes could have positive effects for financial inclusion that go 

well beyond the simple efficient processing of transaction payments.  

Using a unique dataset of around 500,000 Chinese firms that received credit from both 

an important big tech firm (Ant Group) and traditional commercial banks, this paper 

finds the following. First, the creation of a digital payment footprint allows firms to 

access other financial services and products offered by big techs. Second, the use of 

big tech financial services and transaction data generated via QR codes generates 

spillover effects on bank credit. The inclusion of big tech credit in the credit registry 

allows SMEs to be better screened/monitored by banks. This alleviates SMEs’ 

asymmetric information problems with banks and allows SMEs to also access more 

traditional banking services. And third, the real effects of QR code credit are 

economically relevant, especially in the case of the Covid-19 shock. 

While this evidence is encouraging and sheds some additional light on the effects of 

big techs’ entry into finance, much remains to be done to address the larger economic 

questions. First, it would be interesting to compare the results obtained for China with 

other countries. For example, in many African countries digital lending through mobile 

network operators is captured in the credit registry, only because the loans are done in 

partnership with a commercial bank. Second, an important question is what the 

implications of big techs are for relationship lending. A bank acquires soft information 

from its clients by developing long-term relationships. By contrast, credit scoring with 

advanced analytics does not necessarily rely on long-term, one-to-one relationships, 

but exploits patterns of consumer preferences and behaviour using big data. Third, 

another set of questions relates to possible cases of discrimination and privacy concerns. 

The algorithms used to process data may develop biases, leading to unethical 
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discrimination (based e.g., on race or religion) and greater inequality (O'Neil, 2016). 

For instance, one study of the US mortgage market found that black and Hispanic 

borrowers were less likely to benefit from lower interest rates from machine learning-

based credit scoring models than non-Hispanic white and Asian borrowers (Fuster et 

al., 2022). Finally, the use of large amounts of personal data from non-traditional 

sources (e.g., social media, browser history, telephone calls) can infringe on privacy. 

All these are relevant aspects for future research in this area. 
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Table 1a. Summary statistics normal time: 2017:01-2019:12  

  N Mean St. Dev. P25 Median P75 

i) Credit information       

All sample period       

Big tech credit access (0/1) 9,277,205 0.582 0.493 0 1 1 

Big tech credit use  (0/1) 9,277,205 0.048 0.214 0 0 0 

Bank credit use (0/1) 9,277,205 0.01 0.098 0 0 0 

Bank unsecured credit use (0/1) 9,277,205 0.005 0.067 0 0 0 

Bank secured credit use (0/1) 9,277,205 0.002 0.042 0 0 0 

Big tech credit used (RMB) 160,670 18,295 28,292 3,200 10,000 21,200 

Bank credit used (RMB) 13,649 166,749 321,175 30,000 80,773 190,000 

Bank unsecured credit used 
(RMB) 

7,131 83,451 112,326 17,425 50,000 100,000 

Bank secured credit used (RMB) 2,003 451,339 546,996 120,000 300,000 520,000 

Beginning of access to QR code       

Big tech credit access  (0/1) 475,000 0.163 0.37 0 0 0 

Big tech credit use  (0/1)  475,000 0.002 0.049 0 0 0 

Bank credit use  (0/1)  475,000 0.001 0.032 0 0 0 

Bank unsecured credit use (0/1)   475,000 0.0005 0.022 0 0 0 

Bank secured credit use (0/1)  475,000 0.0002 0.013 0 0 0 

End of sample       

Big tech credit access (0/1) 475,000 0.698 0.459 0 1 1 

Big tech credit use (0/1) 475,000 0.078 0.268 0 0 0 

Bank credit use (0/1) 475,000 0.012 0.111 0 0 0 

Bank unsecured credit use (0/1)  475,000 0.007 0.081 0 0 0 

Bank secured credit use (0/1) 475,000 0.002 0.046 0 0 0 

ii) Firms’ characteristics       

Transaction volume monthly 
(RMB) 

927,7205 5709 8886 801 2,458 6,643 

Network Score 911,7297 35.04 20.07 20.51 31.85 45.84 

iii) Entrepreneurs’ 
characteristics 

      

Age  9,272,528 38.918 9.497 31 38 46 

Male (0/1) 9,277,205 0.509 0.5 0 1 1 

House property (0/1) 9,277,205 0.566 0.496 0 1 1 

iv) Economic and financial 
conditions 

      

GDP (billion RMB) 8,973,458 723.891 792.310 215.350 403.960 944.340 

Distance to Bank (KM) 9,275,309 0.96 1.65 0.16 0.33 0.80 
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Table 1b. Summary statistics weekly data 2019.10.1-2020.1.25  

  N Mean St. Dev. P25 Median P75 

i) Before Covid-19 (2019.10.1-2020.1.25)  

Transaction volume 
monthly (RMB) 

1,417,664 1,636 3,110 152 577 1,721 

Network Score 1,409,600 32.504 18.950 18.649 28.916 42.504 

Age  1,417,104 39.775 10.163 32 40 47 

Male (0/1) 1,417,664 0.504 0.5 0 1 1 

House property (0/1) 1,417,664 0.484 0.5 0 0 1 

ii) After Covid-19 (2020.1.26-2020.6.30) 

Transaction volume 
monthly (RMB) 

2,037,892 1,084 2,552 0 215 1,020 

Network Score 2,026,300 32.504 18.950 18.649 28.916 42.504 

Age  2,035,669 40.131 10.169 32 40 48 

Male (0/1) 2,037 ,892 0.504 0.5 0 1 1 

House property (0/1) 2,037,892 0.518 0.5 0 1 1 
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Table 2. Duration models 

Explanatory variables 

I II III IV V 

Hazard rate: Probability that the firm … 

has access 
to big tech 

credit 

uses bank 
credit 

uses bank 
credit 

(controlling 
for big tech 

credit 
access) 

uses bank 
credit 

(controlling 
for big tech 
credit use) 

uses bank 
credit 

(controlling 
for big tech 
credit access 

and use) 

Log Transaction volume 0.0497*** 0.0369*** 0.0346*** 0.0278*** 0.0320*** 
 (0.00114) (0.00943) (0.00944) (0.00922) (0.00927) 

Network score (1) 0.0022*** 0.0237*** 0.0235*** 0.0178*** 0.0183*** 
 (0.00014) (0.00062) (0.00062) (0.00067) (0.00067) 

Male (0/1) -0.152*** 0.492*** 0.497*** 0.387*** 0.376*** 
 (0.00402) (0.0292) (0.0293) (0.0297) (0.0297) 

Age -0.003*** -0.0158*** -0.0159*** -0.00236 -0.00264 
 (0.00022) (0.00168) (0.00169) (0.00172) (0.00170) 

House property (0/1) 0.566*** 0.864*** 0.823*** 0.687*** 0.781*** 
 (0.005104 (0.0429) (0.0445) (0.0434) (0.0460) 

Distance to bank branch 0.0088*** -0.0257** -0.0251** -0.0247** -0.0262** 
 (0.00156) (0.0109) (0.0109) (0.0108) (0.0109) 

Big tech credit access (0/1)   0.135***  -0.344*** 
   (0.0342)  (0.0394) 

Big tech use (0/1)    2.092*** 2.188*** 
    (0.0330) (0.0348) 

Time fixed effects Y Y Y Y Y 

Province fixed effects Y Y Y Y Y 

Macroeconomic controls Y Y Y Y Y 

Observations 3,498,246 8,319,705 8,319,705 8,319,705 8,319,705 

Notes: (1) Network score measures users’ centrality in the network and is based on users’ payment and funds 
information and social interactions. The user who has more connections gets a higher network score. Standard 
errors in brackets are clustered at the firm level. Significance level: *p<0.1; ** p<0.05; *** p<0.01.  
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Table 3. Duration models: Unsecured bank credit 

Explanatory variables 

I II III IV 

Hazard rate: Probability that the firm … . 

uses 
unsecured 
bank credit 

uses unsecured 
bank credit 

(controlling for 
big tech credit 

access) 

uses unsecured 
bank credit 

(controlling for 
big tech credit 

use) 

uses unsecured 
bank credit 

(controlling for 
big tech credit 
access and use)  

Log Transaction volume 0.0248** 0.0226* 0.0126 0.0179  

 (0.0127) (0.0127) (0.0122) (0.0123)  

Network score (1) 0.0258*** 0.0257*** 0.0185*** 0.0190***  

 (0.000826) (0.000828) (0.000917) (0.000916)  

Male (0/1) 0.452*** 0.457*** 0.311*** 0.295***  

 (0.0400) (0.0400) (0.0407) (0.0407)  

Age -0.0276*** -0.0278*** -0.0117*** -0.0117***  

 (0.00237) (0.00238) (0.00242) (0.00238)  

House property (0/1) 0.980*** 0.937*** 0.739*** 0.878***  

 (0.0608) (0.0629) (0.0616) (0.0655)  

Distance to bank branch -0.0156 -0.0151 -0.0151 -0.0171  

 (0.0146) (0.0146) (0.0145) (0.0145)  

Big tech credit access (0/1)  0.146***  -0.531***  
  (0.0471)  (0.0561)  

Big tech use (0/1)   2.286*** 2.441***  
   (0.0437) (0.0472)  

Time fixed effects Y Y Y Y  

Province fixed effects Y Y Y Y  

Macroeconomic controls Y Y Y Y  

Observations 8,363,872 8,363,872 8,363,872 8,363,872  

Notes: (1) Network score measures users’ centrality in the network and is based on users’ payment and funds 
information and social interactions. The user who has more connections gets a higher network score. Standard 
errors in brackets are clustered at the firm level. Significance level: *p<0.1; ** p<0.05; *** p<0.01.  
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Table 4. Duration models: Secured bank credit 

Explanatory variables 

I II III IV 

Hazard rate: Probability that the firm … 

uses secured 
bank credit 

uses secured 
bank credit 
(controlling 
for big tech 

credit access) 

uses secured 
bank credit 
(controlling 
for big tech 
credit use) 

uses secured 
bank credit 

(controlling for 
big tech credit 
access and use) 

 
Log Transaction volume 0.0320*** 0.103*** 0.0985*** 0.101***  

 (0.00927) (0.0257) (0.0253) (0.0254)  

Network score (1) 0.0183*** 0.0268*** 0.0226*** 0.0227***  

 (0.000674) (0.00151) (0.00159) (0.00159)  

Male (0/1) 0.376*** 0.406*** 0.314*** 0.310***  

 (0.0299) (0.0705) (0.0711) (0.0712)  

Age -0.00264* 0.0275*** 0.0383*** 0.0380***  

 (0.00170) (0.00376) (0.00383) (0.00382)  

House property (0/1) 0.781*** 1.201*** 1.128*** 1.183***  

 (0.0460) (0.131) (0.129) (0.134)  

Distance to bank branch -0.0262** -0.166*** -0.165*** -0.166***  

 (0.0109) (0.0266) (0.0264) (0.0264)  

Big tech credit access (0/1)  0.157*  -0.169*  

  (0.0854)  (0.0947)  

Big tech use (0/1)   1.862*** 1.901***  

   (0.0831) (0.0859)  

Time fixed effects Y Y Y Y  

Province fixed effects Y Y Y Y  

Macroeconomic controls Y Y Y Y  

Observations 8,319,705 8,386,574 8,386,574 8,386,574  

Notes: (1) Network score measures users’ centrality in the network and is based on users’ payment and 
funds information and social interactions. The user who has more connections gets a higher network 
score. Standard errors in brackets are clustered at the firm level. Significance level: *p<0.1; ** p<0.05; 
*** p<0.01.  
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Table 5. Duration models: Only firms that had used MYbank credit 

Explanatory variables 

I II III 

Hazard rate: Probability that the firm …   

uses 
 bank credit  

uses unsecured 
 bank credit 

uses secured  
bank credit 

 
Transaction volume 0.0230** 0.00335 0.0845***  

 (0.0110) (0.0140) (0.0311)  

Network score (1) 0.0111*** 0.0116*** 0.0181***  

 (0.000860) (0.00112) (0.00213)  

Male (0/1) 0.173*** 0.114** 0.122  

 (0.0354) (0.0467) (0.0899)  

Age 0.0318*** 0.0151*** 0.0782***  

 (0.00216) (0.00294) (0.00500)  

House property (0/1) 0.159*** 0.290*** 0.328*  

 (0.0543) (0.0760) (0.169)  

Distance to bank branch -0.0376*** -0.0325* -0.155***  

 (0.0130) (0.0167) (0.0328)  

Big tech use (0/1) 0.144*** 0.254*** 0.124  

 (0.0408) (0.0538) (0.104)  

Time fixed effects Y Y Y  

Province fixed effects Y Y Y  

Macroeconomic controls Y Y Y  

Observations 815,207 844,544 861,784  

Notes: (1) Network score measures users’ centrality in the network and is based on users’ payment and funds information and 
social interactions. The user who has more connections gets a higher network score. Standard errors in brackets are clustered 
at the firm level. Significance level: *p<0.1; ** p<0.05; *** p<0.01.  
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Table 6: Duration models: different characteristics of QR code merchants 

Explanatory variables 

I II III 

Hazard rate: Probability that the firm uses bank credit at a certain time 

 
Transaction volume 0.0255*** 0.0279*** 0.0277*** 

 

 
(0.00915) (0.00921) (0.00922) 

 

Network score (1) 0.0225*** 0.0179*** 0.0177*** 
 

 
(0.000750) (0.000671) (0.000675) 

 

Male (0/1) 0.390*** 0.596*** 0.387*** 
 

 
(0.0298) (0.0370) (0.0299) 

 

Age -0.000699 -0.00267 -0.00168 
 

 
(0.00171) (0.00171) (0.00174) 

 

House property (0/1) 0.610*** 0.681*** 0.758*** 
 

 
(0.0438) (0.0433) (0.0484) 

 

Distance to bank branch -0.0251** -0.0246** -0.0245** 
 

 
(0.0108) (0.0108) (0.0108) 

 

Big tech use (0/1) 2.888*** 2.493*** 2.417*** 
 

 
(0.0807) (0.0511) (0.0977) 

 

Network score*Big tech use -0.0140***   
 

 (0.00132)   
 

Male*Big tech use  -0.600***  
 

  (0.0606)  
 

House property* Big tech use   -0.353*** 
 

   (0.0998) 
 

Time fixed effects Y Y Y  

Province fixed effects Y Y Y  

Macroeconomic controls Y Y Y  

Observations 8,319,705 8,319,705 8,319,705 
 

Notes: (1) Network score measures users’ centrality in the network and is based on users’ payment and funds 
information and social interactions. The user who has more connections gets a higher network score. Standard errors 
in brackets are clustered at the firm level. Significance level: *p<0.1; ** p<0.05; *** p<0.01.  
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Table 7. Real effects of access to MYbank credit 

Explanatory variables 

I II III 

Dependent variable:  
Log Transaction volume 

Test 1 
Exogenous 

shock of credit 
supply  

Test 2 
Effect in 
normal 
times 

Test 3 
Effect 

Covid-19 
shock 

 0.096*** 0.032*** 0.200*** 
 (0.000) (0.000) (0.008) 

Time fixed effect Y N N 

Firm fixed effects Y N Y 

Firm*Time fixed effects N Y N 

Period fixed effect N Y N 

City*Time fixed effects N N Y 

Observations 117,012 2,297,540 6,715,578 
Notes: Standard errors in brackets are clustered by treated firm-control groups. For test 1 and test 3, 
the level of observation is Firm (i) * Time (T). For test 2, the level of observation is Firm (i) * Time 
(T) * Period (K). Significance level: *p<0.1; ** p<0.05; *** p<0.01. 
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Percentage of firms that use bank credit in the sample
In per cent Figure 1

Bank credit total Bank credit unsecured Bank credit secured

Source: Ant Group.

Distribution of loan duration: Traditional banks vs MYBank 

In per cent Figure 2

Source: MYbank. Huang et al.(2020)

1 month: 4%

2-11 months: 
39%

12 months and 
above: 57%

Traditional banks

1 month: 61%

2-11 months: 
5%

12 months 
and above: 

36%

MYbank
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Does the use of QR code in payment allows firms to have access to big tech credit?
In per cent Figure 3

Dashed lines indicate 5th/95th percentiles. The x-axis reports the QR code duration, that is the number of months after the firm started to 
use the QR code payment system. The y-axis reports the probability for a firm of having access to big tech credit.

Source: Authors’ calculations.

QR code payments do not increase too much the probability of bank credit use 

In per cent Figure 4

Dashed lines indicate 5th/95th percentiles. The x-axis reports the QR code duration, the number of months after the firm started to use the 
QR code payment system. The y-axis reports the probability for a firm of using bank credit.

Source: Authors’ calculations.
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Spillover effect from big tech credit access to bank credit use
In per cent Figure 5

Total bank credit Unsecured bank credit Secured bank credit

Dashed lines indicate 5th/95th percentiles. The x-axis reports the QR code duration, the number of months after the firm started to use the 
QR code payment system. The y-axis reports the probability for a firm of using bank credit.

Source: Authors’ calculations.

Spillover effect from big tech credit use to bank credit use 
In per cent Figure 6

Total bank credit Unsecured bank credit Secured bank credit

Dashed lines indicate 5th/95th percentiles. The x-axis reports the QR code duration, the number of months after the firm started to use the 
QR code payment system. The y-axis reports the probability for a firm of using bank credit.

Source: Authors’ calculations.
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Controlling for demand effects: only firms which used big tech credit
In per cent Figure 7

Duration to bank credit use before using big tech 
credit…

… and after using big tech credit

Dashed lines indicate 5th/95th percentiles. The x-axis reports the QR code duration, the number of months after the firm started to use the 
QR code payment system. The y-axis reports the probability for a firm of using bank credit.

Source: Authors’ calculations.

Probability for a spillover effect from big tech credit use to bank credit use

In per cent Figure 8

Firm’s network score Entrepreneur’s gender Entrepreneur’s wealth

The bars show the different probability to get bank credit for firms who used big tech compared those that do not use it.

Source: Authors’ calculations.
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Effect of the launch of big tech loan products on firms’ transaction volumes
Log(transaction volumes in RMB, monthly data) Figure 9

Evolution of Ln(transaction volume) around launch date Difference between the two firms’ type

Source: Authors’ calculations.

Effect of big tech credit access on firms’ transaction volumes in normal times

Log(Transaction volumes in RMB, monthly data) Figure 10

Evolution of Ln(Transaction volume) around access date Difference between the two firms’ type

Source: Authors’ calculations.



38

Chinese firms with QR code and access to big tech credit suffered less Covid-19 
pandemic

Log(Transaction volumes in RMB, weekly data) Figure 11

The vertical line indicates 26 Jan 2020 (Covid-19 measures were effective from this date onwards). The shaded area indicates 24 Jan–2 Feb 
2020 (Chinese Spring Festival). The sample includes 8,800 randomly selected QR codes of merchants which are used to construct weekly-firm 
level panel data. 4,400 QR code merchants have access to big tech credit and others don’t. 

Source: Authors’ calculations.
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Appendix. Some facts about Ant Group 

The Alibaba Group is one of the biggest tech companies in the world. It was publicly listed on 

the New York Stock Exchange in September 2014, and has a market capitalisation of USD 640 

billion as of July 2020. Alipay is a third-party mobile and online payment platform, established 

by the Alibaba Group that was subsequently rebranded as Ant Financial Services Group in 

October 2014 and Ant Group in June 2020. Initially, Alipay provided financial service to online 

business on Alibaba Group’s e-commerce platforms. Today, the business of Ant Group 

includes Alipay, Ant Fortune, MYbank, ZHIMA Credit and Ant Group Cloud, serving millions 

of small and micro-sized enterprises (SMEs), both online and offline, and retail customers. Our 

paper focuses on the credit to SMEs, so our data is obtained from Alipay and MYbank. 

Operated by Ant Group, Alipay is a payment and lifestyle platform. Launched in 2004, Alipay 

currently serves over 1 billion users with its local e-wallets partners. Alipay is thus the world’s 

largest mobile and online payments platform with a market share of over 50 per cent in China. 

Ant Group has detailed information on enterprises and customers based on Alipay. MYbank is 

a private online bank established on June 25, 2015 by Ant Group with a mission to serve SMEs, 

to support the real economy and to practice inclusive finance. MYbank provides online, 

unsecured loan to SMEs based on a credit-scoring algorithm. The provision of credit is very 

fast and completely automated based on the so-called “310 model”: 3 minutes to apply for 

credit, 1 second to approve and 0 people involved in the decision. 

Alibaba Group owns three major trading e-commerce platforms, Alibaba (B2B), Tmall (B2C) 

and Taobao (C2C). Tmall and Taobao have the largest market shares in China at more than 50 

per cent. It is easier for firms fully integrated into the Alipay/Ant Group ecosystem to obtain 

financial services. This is for the following three reasons. First, the information on these firms 

is very rich. The big tech company can collect and process the data of these companies more 

comprehensively, such as those on business operations and scoring. Second, as discussed above, 

for firms in the ecosystem it is strategically more difficult to default, as big techs can use the 

receivables of these companies in their accounts to repay their debts. Third, given network 

effects and high switching costs, big techs could also enforce loan repayments by the simple 

threat of a downgrade or exclusion from their ecosystem if in default. Overall, the provision of 

credit to online borrower can be done with a careful credit scoring assessment and the credit 

was (at least initially) less risky that that provided to offline borrowers, operating out of the 

platform. 

The use of QR code and offline vendors. In the second half of 2017, Ant Group promoted a 

campaign to offer to offline vendors a QR code technology for payments. Many small stores 

only needed to place a QR code sticker for their customers to scan and complete their payments. 
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Larger stores also installed scanners of Ant Group to directly scan the QR code of the customer 

in Alipay. The QR code expanded the services of MYbank from the online firms to offline 

stores, which greatly expanded their business. As payments were done by means of Alipay, the 

data could be collected and used to analyse the evolution of the vendor’s activity. Most of the 

offline stores are small (micro enterprises) and could therefore receive a credit score evaluation 

for the first time. The data were also used to calculate a network score to evaluate the position 

of the offline vendor in the big tech ecosystem and their connection with other vendors. 

Ant Group Credit Scoring technique. The risk control model of MYbank is implemented 

through a credit scoring that use machine learning techniques and big data. The latter include 

transaction information, entrepreneur information, credit information and third-party 

information (client reviews and network score).

Credit quality SMEs: Non-performing loans
In per cent Graph A1

Non-Performing Loans (NPLs) indicate loans that are typically overdue from 90 days and more. See “Interim Measures for the Risk 
Classification of Financial Assets of Commercial Banks ”. 

1 Credit lines below 10 million Yuan (5 million in 2017 and 2018). For 2020, January–August 2020.

Sources: CBIRC, Annual reports of MYbank. 

Credit quality and interest rates. Figure A1compares non-performing loans (NPLs) for Chinese 

banks and for MYbank, focusing on credit to small and medium-sized enterprises. NPLs for 

the Chinese banking industry have been substantially higher on average than for MYbank in 

the period under investigation in this paper (2017-2019) and also during the Covid-19 

pandemic (2020).
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The ex-post measure of credit risk is not mirrored in the interest rates that are higher for big 

tech credit.19 Three reasons may cause interest rates for big tech credit to be higher than those 

for bank credit. First, the funding costs of MYbank are substantially higher than those of 

traditional banks. This reflects the fact that MYbank cannot accept retail deposits. In China big 

techs can establish an online bank, but regulation prevents them from opening remote (online) 

bank accounts. MYbank relies mostly on interbank market funding and certificates of deposit 

that are typically more costly than retail deposits (BIS, 2019). Second, firms that borrow from 

MYbank are smaller than the customers of traditional banks, so the ex-ante potential risk for 

MYbank is also higher than that of traditional banks. Third, data processing for credit scoring 

could have high fixed costs to set up the necessary IT infrastructure and create a highly 

specialised team. These costs could be particularly high at the beginning, when the number of 

borrowers is low, and then decline with time, when the market share increases.  

Table A2-A4 provide summary statistics for firms that have access to big tech credit, big tech 

borrowers and bank borrowers. 

  

 

19 For example in May 2020, the average interest rate of MYbank was around 11% while that of bank loans for 
SMEs was slightly higher than 6%. _ _  (financialnews.com.cn). 
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Table A2. Summary statistics – Firms that can access big tech credit 

  N Mean St. Dev. P25 Median P75 

i) Normal Time  

Transaction volume 
monthly (RMB) 

7,302,135 5884 8946 870 2,625 6,943 

Network Score 7,271,773 37.44 19.67 23.42 34.25 47.77 

Age  7,302,072 38.52 8.68 31 38 45 

Male (0/1) 7,302,135 0.5 0.5 0 1 1 

House property (0/1) 7,302,135 0.65 0.47 0 1 1 

GDP (billion RMB) 7,167,890 725.497 791.300 216.330 406.200 944.340 

Distance to Bank (KM) 7,300,613 0.94 1.64 0.16 0.32 0.78 

ii) Before Covid-19 (30th Sep 2019 to 28th June 2020) 
Transaction volume 
monthly (RMB) 

708,832 1,678 3,129 159 620 1,810 

Network Score 708,384 38.43 18.49 25.30 35.24 47.91 

Age  708,832 39.85 8.64 33 40 48 

Male (0/1) 708,832 0.505 0.5 0 1 1 

House property (0/1) 708,832 0.718 0.45 0 1 1 

iii) After Covid-19 (26th Jan 2020 to 30th June 2020) 
Transaction volume 
monthly (RMB) 

1,018,946 1,160 2,663 0 244 1,120 

Network Score 1,018,302 38.43 18.49 25.30 35.24 47.91 

Age  1,018,795 40.21 8.65 33 40 47 

Male (0/1) 1,018,946 0.505 0.5 0 1 1 

House property (0/1) 1,018,946 0.756 0.43 1 1 1 
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Table A3. Summary statistics – Big tech borrowers 

  N Mean St. Dev. P25 Median P75 

i) Normal Time 

Transaction volume monthly 
(RMB) 

935,378 7,094 10,112 1,110 3,388 8,719 

Network Score 934,682 49.01 19.94 35.00 46.44 60.21 

Age  935378 34.355 7.71 29 33 39 

Male (0/1) 935,378 0.616 0.49 0 1 1 

House property (0/1) 935,378 0.81 0.40 1 1 1 

GDP (billion RMB) 915,695 708.533 779.357 211.100 384.780 940.940 

Distance to Bank (KM) 935,208 1.01 1.76 0.16 0.34 0.82 

ii) Before Covid-19 (30th Sep 2019 to 28th June 2020) 
Transaction volume monthly 
(RMB) 

82,464 2,140 3,780 215 912 2,672 

Network Score 82,464 50.63 18.46 37.82 47.89 60.68 

Age  82,464 35.53 7.84 30 34 40 

Male (0/1) 82,464 0.63 0.48 0 1 1 

House property (0/1) 82,464 0.89 0.32 1 1 1 

iii) After Covid-19 (26th Jan 2020 to 30th June 2020) 
Transaction volume monthly 
(RMB) 

118,542 1,609 3,440 0 350 1,602 

Network Score 118,542 51.55 18.92 38.09 48.75 62.07 

Age  118,542 35.71 7.76 30 34 40 

Male (0/1) 118,542 0.605 0.489 0 1 1 

House property (0/1) 118,542 0.91 0.293 1 1 1 
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Table A4. Summary statistics – Bank borrowers 

  N Mean St. Dev. P25 Median P75 

i) Normal Time  
Transaction volume monthly 
(RMB) 

157,483 8,691 11,436 1,493 4,485 11,202 

Network Score 157,349 54.03 21.05 38.97 51.91 67.4 

Age  157,478 36.60 7.8 30 36 42 

Male (0/1) 157,483 0.66 0.47 0 1 1 

House property (0/1) 157,483 0.87 0.33 1 1 1 

GDP (billion RMB) 153,344 596.867 673.465 208.540 345.460 689.700 

Distance to Bank (KM) 157,483 0.94 1.68 0.15 0.30 0.74 

ii) Before Covid-19 (30th Sep 2019 to 28th June 2020) 
Transaction volume monthly 
(RMB) 

14,384 2,743 4,389 292 1,189 3,267 

Network Score 14,384 54.61 20.31 40.39 52.61 69.97 

Age  14,384 37.90 8.13 32 37 43 

Male (0/1) 14,384 0.69 0.46 0 1 1 

House property (0/1) 14,384 0.92 0.27 1 1 1 

iii) After Covid-19 (26th Jan 2020 to 30th June 2020) 
Transaction volume monthly 
(RMB) 

20,677 2,041 3,196 0 562 2,215 

Network Score 20,677 54.61 20.31 40.39 52.62 66.69 

Age  20,677 38.25 8.14 32 37 44 

Male (0/1) 20,677 0.69 0.46 0 1 1 

House property (0/1) 20,677 0.93 0.25 1 1 1 

 

 

 


