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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 enabling off-line 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 off-line merchants to not only gain 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, where recovery in 

transactions was 20% more pronounced for users of big tech and 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, but also 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 
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(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 POS machines are now able to collect 

payment through a simple QR Code, that could be easily printed by themselves. 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 in the e-commerce platform 

(i.e., online merchants operating on Taobao and Tmall, two Alibaba e-commerce 

platforms) are integrated into the big tech’s platform ecosystem. The big tech is thus 

able to collect a large number of information not only on clients’ payment transactions 

but also on their input-output production chain and their clients network. Big tech 

companies can use these data and make a very precise assessment of firms’ behaviors 

and characteristics. Importantly, the collection of data is possible also for offline 

merchants (e.g., a shop or a restaurant) 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 know better 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 and this allows mitigate 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 code 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 code 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 a 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 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 on a 

monthly frequency. 1 In particular, we have access to credit data (quantity and price), 

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 finds that the use of big 

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

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

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

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

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 effect of Quick pay, a reform that permanently accelerated 

payments to small business contractors, on the 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. Suri et 

 
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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al. (2021) studies the Kenyan case and find that fintech credit can improve households’ 

resilience: households are 6.3 percentage points less likely to forego expenses due to 

negative shocks. Similarly, Ji et al. (2021) finds 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. 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 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. Our paper aims 

to show if big tech credit rather than fintech credit is a complement or a substitute to 

bank loans. Chava et al. (2021) find that borrower of marketplace lenders (MPL) reduce 

their traditional credit card balances after MPL origination, which increase 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 lender in the US acquire market share by lending first to higher-risk borrowers 

and then to safer borrowers and rely mainly on hard information to make credit 

decisions. In our paper, we show that the use of big tech financial services and 

transaction data generated via QR code generates spillover effects on bank credit; the 

inclusion of big tech loans in the credit registry allows 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 program 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. 

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 
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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 price) leads to a higher 

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

data by large technology firms to assess firms’ creditworthiness could reduce the need 

of collateral in solving asymmetric information problems. 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)). Our paper analyses the impact of big tech 

lending (that is of different nature with respect to relationship lending) in case of the 

Covid-19 pandemic shock in order to evaluate its capacity to smooth the negative 

effects on firms’ activity.  

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. In 

addition, for the same risk of default, consumers pay smaller spreads on loans from 

LendingClub than from credit card borrowing. Berg et al. (2020) show that digital 

footprints are a good predictor of the default rate. Analysis of simple, easily accessible 

variables from digital footprints is 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. They 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). The results show how aggregating over the views of 
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peers and leveraging nonstandard information can enhance lending efficiency. 

Gambacorta et al. (2019) find that the credit scoring models based on 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) shows 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 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.2 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. 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 

 
2  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. 
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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).  

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. Overall, this suggests that among QR Code users 

traditional bank and MYbank borrowers are predominantly separate groups. 

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 

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).3 There is a positive correlation between firms’ size and 

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

 
3  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 QRcode merchants can be considered 
as interconnected nodes (webpages) and payment funding flows can be considered as edges (hyperlinks).  
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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.4 Despite the larger access to MYbank credit, female 

entrepreneurs tend to use less MYbank credit and bank credit.  

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. In particular, a positive sign of the coefficient 

indicates that the specific regressor shorten such time, whereas a negative sign of the 

coefficient indicates that the regressor tend to increase this time. The hazard rate ℎ𝑖𝑖(𝑡𝑡) 

(probability that a given event happens at time t) for firm i is given by: 

 ℎ𝑖𝑖(𝑡𝑡) = 𝜆𝜆(𝑡𝑡) exp (� �𝛽𝛽𝑗𝑗𝑥𝑥𝑖𝑖𝑗𝑗�
𝑚𝑚

𝑗𝑗=1
)  (1) 

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

macroeconomic variables, time and province fixed effects.λ(𝑡𝑡) 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 

the baseline risk is constant over time, so λ(t) = λ, therefore the model is given by: 

 ℎ𝑖𝑖(𝑡𝑡) = 𝜆𝜆 exp (� �𝛽𝛽𝑗𝑗𝑥𝑥𝑖𝑖𝑗𝑗�
𝑚𝑚

𝑗𝑗=1
)  (2) 

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

 
4  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 percent, rising to almost 63 percent for women-
owned SMEs. See 202008_D2E_MyBank.pdf (ifc.org). 

https://www.ifc.org/wps/wcm/connect/3e0cfba8-12c9-42fe-943b-e99f4a36de73/202008_D2E_MyBank.pdf?MOD=AJPERES&CVID=nfvyYCR
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elapses between a firm starts to use the QR code) is given by: 

 

 𝑆𝑆𝑖𝑖(𝑡𝑡) = ∫ ℎ𝑖𝑖(𝑡𝑡)𝑑𝑑𝑡𝑡
𝑡𝑡
0 = ∫ 𝜆𝜆 exp�� �𝛽𝛽𝑗𝑗𝑥𝑥𝑖𝑖𝑗𝑗�

𝑚𝑚

𝑗𝑗=1
� 𝑑𝑑𝑡𝑡𝑡𝑡

0  (3) 

We consider three main events in our paper: (i) the time that elapses between the date 

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.5 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.6 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 

 
5  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. 

6  The coefficient is 0.0494. This means that if transaction volume increases by 10%, the probability increase by 
64% (exp(0.0494*10)-1).  

https://www.sciencedirect.com/science/article/pii/S0378426613000733#b0190
https://www.sciencedirect.com/science/article/pii/S0378426613000733#b0190
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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 1.75 times higher for 

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

(exp(0.565)=1.75). 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 0.85 times that of a female 

entrepreneur (exp(-0.153)=0.85). The speed of access to big tech credit is also 

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

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 percent in 3 years.7 When focusing on unsecured (red) or 

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

1.5 percent after three years, while it reaches less than 0.5 percent 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 reflect 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 year 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. 

 
7  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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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 

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(2.19)=8.93). 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(-0.338=0.71). 

This is probably due to a demand effect as firms 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).8  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 

 
8  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).  
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years. Qualitatively the results remain similar when considering separately unsecured 

bank credit (centre panel) or secured bank credit (right hand panel).9  

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 

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. 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.10   

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 

 

9  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).  

10  A similar positive signaling 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 behavior 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. 

 



 14 

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 behavior 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 

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.11 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 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.12  

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.  

 

 

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

12  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 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. 

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 analyze 

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, gender of the entrepreneur 

and the province where the firm is headquartered 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: 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡𝑖𝑖  = 𝛼𝛼 +  𝛽𝛽1ln (𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡𝑡𝑡 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑇𝑇)𝑖𝑖,𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 + 𝛽𝛽2ln (𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡𝑡𝑡 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑇𝑇)𝑖𝑖,𝑀𝑀𝑎𝑎𝑀𝑀 2017 +

𝛽𝛽3ln (𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡𝑡𝑡 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑇𝑇)𝑖𝑖,𝐽𝐽𝐽𝐽𝐽𝐽𝑎𝑎 2017 + 𝛽𝛽4ln (𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡𝑡𝑡 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑇𝑇)𝑖𝑖,𝐽𝐽𝐽𝐽𝐽𝐽𝑀𝑀 2017 +  𝛽𝛽5𝑀𝑀𝑇𝑇𝑣𝑣𝑇𝑇𝑖𝑖 + 𝛽𝛽6𝐴𝐴𝐴𝐴𝑇𝑇𝑖𝑖 + 𝜀𝜀𝑖𝑖 (4) 

where Treat𝑖𝑖 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 0.01. Finally, the matching is 
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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 (𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡𝑡𝑡𝑇𝑇𝑡𝑡𝑡𝑡𝑡𝑡𝑣𝑣𝑡𝑡 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑇𝑇)𝑖𝑖𝑡𝑡  = 𝛼𝛼 +  𝛽𝛽 ∗  𝑃𝑃𝑣𝑣𝑡𝑡𝑡𝑡𝑡𝑡 ∗ 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡𝑖𝑖 + 𝑣𝑣𝑖𝑖 + 𝑡𝑡𝑡𝑡 + 𝜀𝜀𝑖𝑖𝑡𝑡 (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 

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 𝑣𝑣𝑖𝑖  and time fixed effect 𝑡𝑡𝑡𝑡 . 𝜀𝜀𝑖𝑖𝑡𝑡  is an error term.  

Standard errors are clustered at the firm level.13 

The results in Column 1 of Table 7 show that the transaction volume increases 9.3 

percent 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 behavior 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:  

𝑣𝑣𝑡𝑡 (𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡𝑡𝑡𝑇𝑇𝑡𝑡𝑡𝑡𝑡𝑡𝑣𝑣𝑡𝑡 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑇𝑇)𝑖𝑖,𝑇𝑇+𝑘𝑘  = 𝛼𝛼 +  𝛽𝛽 ∗  𝑝𝑝𝑣𝑣𝑡𝑡𝑡𝑡𝑘𝑘 ∗ 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡𝑖𝑖,𝑇𝑇 + 𝑣𝑣𝑖𝑖𝑇𝑇 + 𝑡𝑡𝑘𝑘 + 𝜀𝜀𝑖𝑖𝑡𝑡 (6) 

 

 

13  The results are robust to the use of alternative cluster procedures, such as city*time level.  
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Where the dependent variables is the logarithm of transaction volume for firm i and 

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

period k.14 The range of k is from -3 to 3 and 𝜀𝜀𝑖𝑖𝑡𝑡 is an error term. 

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

approval in T (only in this initial month). Those firms with 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡𝑖𝑖,𝑇𝑇 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 analyze the three months before the supply of credit in 

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 4 percent 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 wants 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 

 

14   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.  
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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.  

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

transaction volume growth is around 20% percent 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 behavior of the logarithm of transaction volumes 

(at the weekly level) of the two groups prior and after the Covid-19 shock. 

5. Conclusions 

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

collection of payments for firms at a reduced cost. This can help firms not only to 

increase transaction volumes but also 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 platform – to generate a 

credit score. Firms that are typically unbanked and lack of 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 code 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 that: (i) the creation of a digital payment footprint allows firms to access other 

financial services and products offered by big techs. (ii) The use of big tech financial 

services and transaction data generated via QR code 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. These alleviate SMEs’ asymmetric information 

problems with banks and allow SMEs to access also more traditional banking services. 

(iii) The real effects of QRcode credit are economically relevant, especially in the case 

of the Covid-19 shock. 
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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 18,295.54 28,291.98 3,200 10,000 21,200 

Bank credit used (RMB) 13,649 166,749.70 321,174.80 30,000 80,773 190,000 
Bank unsecured credit used 
(RMB) 7,131 83,451.13 112,326.30 17,425 50,000 100,000 

Bank secured credit used (RMB) 2,003 451,339.60 546,995.80 120,000 300,000 520,000 

Beginning of sample       

Big tech credit access  (0/1) 11779 0.143 0.35 0 0 0 

Big tech credit use  (0/1)  11779 0.005 0.072 0 0 0 

Bank credit use  (0/1)  11779 0.002 0.05 0 0 0 

Bank unsecured credit use (0/1)   11779 0.001 0.037 0 0 0 

Bank secured credit use (0/1)  11779 0.0004 0.021 0 0 0 

Beginning of access to QRcode       

Big tech credit access  (0/1) 475000 0.163 0.37 0 0 0 

Big tech credit use  (0/1)  475000 0.002 0.049 0 0 0 

Bank credit use  (0/1)  475000 0.001 0.032 0 0 0 

Bank unsecured credit use (0/1)   475000 0.0005 0.022 0 0 0 

Bank secured credit use (0/1)  475000 0.0002 0.013 0 0 0 

End of sample       

Bigtech credit access (0/1) 475000 0.698 0.459 0 1 1 

Bigtech credit use (0/1) 475000 0.078 0.268 0 0 0 

Bank credit use (0/1) 475000 0.012 0.111 0 0 0 

Bank unsecured credit use (0/1)  475000 0.007 0.081 0 0 0 

Bank secured credit use (0/1) 475000 0.002 0.046 0 0 0 

ii) Firms’ characteristics       
Transaction volume monthly 
(RMB) 9277205 5709.498 8885.995 800.54 2458.04 6643 

Network Score 9117297 35.044 20.079 20.51 31.856 45.849 
iii) Entrepreneurs’ 
characteristics 

      

Age  9272528 38.918 9.497 31 38 46 

Male (0/1) 9277205 0.509 0.5 0 1 1 

House property (0/1) 9277205 0.566 0.496 0 1 1 
iv) Economic and financial 
conditions 

      

GDP (100 million RMB) 9098191 4.597 1.016 3.862 4.545 5.319 

Distance to Bank (KM) 9275309 0.96 1.654 0.162 0.332 0.796 
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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) 6419136 1722.857 3251.992 149 601.8 1832 

Network Score 6395472 35.834 19.285 21.921 32.645 46.064 

Age  6416032 39.954 9.669 32 40 47 

Male (0/1) 6419136 0.5 0.5 0 1 1 

House property (0/1) 6419136 0.607 0.488 0 1 1 

ii) After Covid-19 (2020.1.26-2020.6.30) 

Transaction volume 
monthly (RMB) 9227508 1160.535 2707.69 0 227 1092 

Network Score 9193491 35.834 19.285 21.921 32.645 46.064 

Age  9218797 40.309 9.672 33 40 47 

Male (0/1) 9227508 0.5 0.5 0 1 1 

House property (0/1) 9227508 0.643 0.479 0 1 1 
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Table 2. Duration models 

Explanatory variables 

I II III IV V 
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 0.0494*** 0.0393*** 0.0370*** 0.0299*** 0.0340*** 

 (0.00113) (0.00949) (0.00949) (0.00927) (0.00932) 

Network score (1) 0.0022*** 0.0236*** 0.0234*** 0.0177*** 0.0182*** 
 (0.000143) (0.000616) (0.000618) (0.000671) (0.000671) 

Male (0/1) -0.153*** 0.493*** 0.498*** 0.387*** 0.377*** 
 (0.00402) (0.0292) (0.0293) (0.0297) (0.0297) 

Age -0.0031*** -0.0160*** -0.0160*** -0.00252 -0.00279* 
 (0.00022) (0.00167) (0.00168) (0.00171) (0.00169) 

House property (0/1) 0.565*** 0.861*** 0.818*** 0.684*** 0.777*** 
 (0.00510) (0.0426) (0.0442) (0.0431) (0.0457) 

Distance to bank branch 0.00883*** -0.0256** -0.0250** -0.0247** -0.0262** 
 (0.00155) (0.0108) (0.0108) (0.0108) (0.0108) 

Big tech credit access (0/1)   0.143***  -0.338*** 
   (0.0340)  (0.0392) 

Big tech use (0/1)    2.096*** 2.190*** 
    (0.0329) (0.0346) 

Time fixed effects Y Y Y Y Y 

Province fixed effects Y Y Y Y Y 

Macroeconomic controls Y Y Y Y Y 

Observations 3,547,119 8,435,471 8,435,471 8,435,471 8,435,471 
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 
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 0.0257** 0.0234* 0.0131 0.0183  
 (0.0127) (0.0127) (0.0122) (0.0123)  

Network score (1) 0.0258*** 0.0257*** 0.0184*** 0.0190***  
 (0.000822) (0.000824) (0.000912) (0.000911)  

Male (0/1) 0.452*** 0.458*** 0.311*** 0.295***  
 (0.0398) (0.0399) (0.0406) (0.0406)  

Age -0.0281*** -0.0283*** -0.0122*** -0.0123***  
 (0.00236) (0.00238) (0.00242) (0.00238)  

House property (0/1) 0.974*** 0.929*** 0.734*** 0.870***  
 (0.0604) (0.0625) (0.0612) (0.0650)  

Distance to bank branch -0.0131 -0.0125 -0.0127 -0.0147  
 (0.0145) (0.0145) (0.0144) (0.0144)  

Big tech credit access (0/1)  0.154***  -0.524***  
  (0.0469)  (0.0559)  

Big tech use (0/1)   2.290*** 2.443***  
   (0.0436) (0.0471)  

Time fixed effects Y Y Y Y  
Province fixed effects Y Y Y Y  
Macroeconomic controls Y Y Y Y  

Observations 8,480,023 8,480,023 8,480,023 8,480,023  
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 
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 0.0340*** 0.103*** 0.0984*** 0.101***  
 (0.00932) (0.0257) (0.0253) (0.0253)  

Network score (1) 0.0182*** 0.0266*** 0.0222*** 0.0224***  
 (0.000671) (0.00149) (0.00159) (0.00158)  

Male (0/1) 0.377*** 0.404*** 0.311*** 0.306***  
 (0.0297) (0.0694) (0.0699) (0.0700)  

Age -0.00279* 0.0269*** 0.0378*** 0.0375***  
 (0.00169) (0.00371) (0.00376) (0.00375)  

House property (0/1) 0.777*** 1.176*** 1.101*** 1.158***  
 (0.0457) (0.127) (0.125) (0.131)  

Distance to bank branch -0.0262** -0.166*** -0.165*** -0.166***  
 (0.0108) (0.0262) (0.0260) (0.0260)  

Big tech credit access (0/1)  0.159*  -0.176*  
  (0.0843)  (0.0938)  

Big tech use (0/1)   1.893*** 1.934***  
   (0.0817) (0.0845)  

Time fixed effects Y Y Y Y  

Province fixed effects Y Y Y Y  

Macroeconomic controls Y Y Y Y  

Observations 8,435,471 8,502,639 8,502,639 8,502,639  

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 
Probability that the firm …   

uses 
 bank credit  

uses unsecured 
 bank credit 

uses secured  
bank credit 

 
Transaction volume 0.0242** 0.00248 0.0874***  

 (0.0110) (0.0140) (0.0309)  

Network score (1) 0.0110*** 0.0115*** 0.0174***  
 (0.000855) (0.00112) (0.00211)  

Male (0/1) 0.171*** 0.110** 0.111  
 (0.0352) (0.0465) (0.0883)  

Age 0.0311*** 0.0143*** 0.0757***  
 (0.00215) (0.00293) (0.00495)  

House property (0/1) 0.171*** 0.300*** 0.365**  
 (0.0542) (0.0759) (0.167)  

Distance to bank branch -0.0381*** -0.0308* -0.156***  
 (0.0129) (0.0167) (0.0322)  

Big tech use (0/1) 0.148*** 0.261*** 0.136  
 (0.0398) (0.0538) (0.102)  

Time fixed effects Y Y Y  
Province fixed effects Y Y Y  

Macroeconomic controls Y Y Y  

Observations 822,891 852,553 869,662  
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 QRcode merchants 

Explanatory variables 

I II III 

Probability that the firm uses bank credit at a certain time 

 
Transaction volume 0.0276*** 0.0301*** 0.0298*** 

 
 

(0.00920) (0.00926) (0.00927) 
 

Network score (1) 0.0225*** 0.0178*** 0.0176*** 
 

 
(0.000747) (0.000668) (0.000673) 

 

Male (0/1) 0.391*** 0.596*** 0.388*** 
 

 
(0.0296) (0.0368) (0.0297) 

 

Age -0.000814 -0.00283* -0.00182 
 

 
(0.00171) (0.00170) (0.00173) 

 

House property (0/1) 0.606*** 0.679*** 0.757*** 
 

 
(0.0435) (0.0431) (0.0481) 

 

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

 
(0.0107) (0.0108) (0.0107) 

 

Big tech use (0/1) 2.907*** 2.494*** 2.427*** 
 

 
(0.0801) (0.0508) (0.0968) 

 

Network score*Big tech use -0.0143***   
 

 (0.00131)   
 

Male*Big tech use  -0.597***  
 

  (0.0603)  
 

House property* Big tech use   -0.360*** 
 

   (0.0989) 
 

Time fixed effects Y Y Y  

Province fixed effects Y Y Y  

Macroeconomic controls Y Y Y  

Observations 8,435,471 8,435,471 8,435,471 
 

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 

𝑃𝑃𝑣𝑣𝑡𝑡𝑡𝑡 ∗ 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡 0.093*** 0.035*** 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 111,776 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. 

 

 

 

 

 

 

1 month: 4%

2-11 months: 
39%

12 months and 
above: 57%

Traditional banks

1 month: 61%

2-11 months: 
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12 months 
and above: 

36%

MYbank
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 Does the use of QR code in payment allows firm 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, 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 percentage points Figure 8 

Firm’s network score  Entrepreneur gender  Entrepreneur housing 

 

 

 

 

 
The bars show the different probability to get bank credit for firms who used big tech compared the who don’t use. 

Source: Authors’ calculations. 

 

 

  



35 

 

 

  

 
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. 
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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 QRcodes of merchants which are used to construct weekly-firm 
level panel data. 4,400 QRcode merchants have access to big tech credit and others don’t.  

Source: Authors’ calculations. 
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Table A1. Summary statistics – Firms who can access big tech credit 

  N Mean St. Dev. P25 Median P75 

i) Normal Time  
Transaction volume 
monthly (RMB) 7302135 5884.256 8945.826 869.5 2625 6943 

Network Score 7271773 37.442 19.679 23.422 34.253 47.775 

Age  7302072 38.527 8.681 31 38 45 

Male (0/1) 7302135 0.5 0.5 0 1 1 

House property (0/1) 7302135 0.652 0.476 0 1 1 

GDP (100 million RMB) 7167890 4.604 1.011 3.886 4.568 5.324 

Distance to Bank (KM) 7300613 0.947 1.64 0.161 0.329 0.782 

ii) Before Covid-19 (30th Sep 2019 to 28th June 2020) 
Transaction volume 
monthly (RMB) 4880352 1812.659 3325.111 170.5 670 1970 

Network Score 4877840 39.036 18.77 25.687 35.779 48.733 

Age  4880352 39.481 8.679 32 39 46 

Male (0/1) 4880352 0.489 0.5 0 0 1 

House property (0/1) 4880352 0.723 0.448 0 1 1 

iii) After Covid-19 (26th Jan 2020 to 30th June 2020) 
Transaction volume 
monthly (RMB) 7015506 1237.085 2806.346 0 263 1200 

Network Score 7011895 39.036 18.77 25.687 35.779 48.733 

Age  7013805 39.835 8.683 33 39 47 

Male (0/1) 7015506 0.489 0.5 0 0 1 

House property (0/1) 7015506 0.76 0.427 1 1 1 
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Table A2. Summary statistics – Big tech borrowers 

  N Mean St. Dev. P25 Median P75 

i) Normal Time 
Transaction volume monthly 
(RMB) 935378 7094.231 10112.55 1110 3387.9 8719 

Network Score 934682 49.01 19.941 35.001 46.447 60.216 
Age  935378 34.355 7.716 29 33 39 
Male (0/1) 935378 0.616 0.486 0 1 1 
House property (0/1) 935378 0.805 0.396 1 1 1 
GDP (100 million RMB) 915695 4.552 1.017 3.805 4.453 5.282 
Distance to Bank (KM) 935208 1.014 1.758 0.162 0.339 0.816 
ii) Before Covid-19 (30th Sep 2019 to 28th June 2020) 
Transaction volume monthly 
(RMB) 574720 2355.422 4016.269 215 912 2672 

Network Score 574720 51.558 18.92 38.098 48.759 62.079 
Age  574720 35.364 7.765 30 34 40 
Male (0/1) 574720 0.605 0.489 0 1 1 
House property (0/1) 574720 0.892 0.31 1 1 1 
iii) After Covid-19 (26th Jan 2020 to 30th June 2020) 
Transaction volume monthly 
(RMB) 826160 1609.145 3440.083 0 350 1602 

Network Score 826160 51.558 18.92 38.098 48.759 62.079 
Age  826093 35.715 7.764 30 34 40 
Male (0/1) 826160 0.605 0.489 0 1 1 

House property (0/1) 826160 0.91 0.286 1 1 1 
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Table A3. Summary statistics – Bank borrowers 

  N Mean St. Dev. P25 Median P75 

i) Normal Time  
Transaction volume monthly 
(RMB) 157483 8691.126 11436.21 1493 4485 11201.7 

Network Score 157349 54.033 21.049 38.967 51.907 67.4 
Age  157478 36.604 7.8 30 36 42 
Male (0/1) 157483 0.665 0.472 0 1 1 
House property (0/1) 157483 0.873 0.333 1 1 1 
GDP (100 million RMB) 153344 4.426 0.964 3.788 4.379 5.06 
Distance to Bank (KM) 157483 0.939 1.678 0.149 0.303 0.743 
ii) Before Covid-19 (30th Sep 2019 to 28th June 2020) 
Transaction volume monthly 
(RMB) 91936 2935.13 4652.107 299 1229 3510.25 

Network Score 91920 57.038 20.28 42.4 54.68 69.977 
Age  91928 37.855 7.824 32 37 43 
Male (0/1) 91936 0.664 0.472 0 1 1 
House property (0/1) 91936 0.94 0.237 1 1 1 
iii) After Covid-19 (26th Jan 2020 to 30th June 2020) 
Transaction volume monthly 
(RMB) 132158 2119.279 4100.653 0 550 2293.75 

Network Score 132135 57.038 20.28 42.4 54.68 69.977 
Age  132158 38.205 7.832 32 37 44 
Male (0/1) 132158 0.664 0.472 0 1 1 
House property (0/1) 132158 0.952 0.214 1 1 1 

 

 


