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The use of massive amounts of data by large technology firms (big techs) to
assess firms’ creditworthiness could reduce the need for collateral in credit
markets. Using a unique dataset of more than 2 million Chinese firms that
received credit from both an important big tech firm (Ant Group) and
traditional commercial banks, we find that a greater use of big tech credit—
granted on the basis of machine learning and big data —could reduce the
importance of collateral and potentially weaken the financial accelerator
mechanism.
Collateral is used in debt contracts to mitigate agency problems arising from
asymmetric information. Banks usually require their borrowers to pledge
tangible assets, such as real estate, to lessen ex ante adverse selection
problems or as a way to reduce ex post frictions, such as moral hazard
(Aghion and Bolton 1997; Holmstr?m and Tirole 1997). The use of
collateral is more widespread for opaque firms, such as small and mediumsized enterprises (SMEs). It is common for SME owners to pledge their
homes to finance their firms (Bahaj et al. 2020). According to a recent
survey by the Financial Stability Board (2019), 90% of bank loans to SMEs
in the US are collateralised, compared with 82% in Switzerland and 65% in
Canada. This drops to 53% in China, where many SMEs lack basic
documentation and are geographically remote from bank branches (OECD
2019).
With the development of fintech, especially the entry of large technology
firms (big techs) into financial services, nontraditional data play an
increasingly important role in credit assessment for SMEs (BIS 2019; Frost
et al. 2019). The business model of big techs rests on enabling direct
interactions among a large number of users. An essential by-product of their
business is the large stock of user data. Data are used as an input to offer a
range of services that exploit natural network effects, generating further user
activity. Increased user activity then completes the circle, as it generates yet
more data. The mutually reinforcing data-network-activity (DNA) feedback
loop helps big tech firms identify the characteristics of their clients and offer
them financial services that best suit their needs.
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The combination of massive amounts of data and network effects may allow
big techs to mitigate the information and incentive problems that are
traditionally addressed by posting collateral. This could significantly
advance financial inclusion and improve firms’ performance (see Luohan
Academy 2019). It could also affect the financial accelerator mechanism, by
which developments in financial markets and asset prices amplify the effects
of changes on the real economy. Collateral is often blamed for amplifying
the business cycle, through the so-called collateral channel (Bernanke and
Gertler 1989). However, if data replaces collateral in a firm’s credit
assessment, what are the implications for the procyclicality of credit and
more generally for the financial accelerator mechanism?
To answer these questions, Gambacorta et al (2020) use a unique dataset that
compares the characteristics of loans granted by MYbank, one of the brands
under Ant Group, with loans supplied by traditional Chinese banks. In
particular, we analyse a random sample of more than 2 million Chinese
firms, which obtained credit between January 2017 and April 2019. The
sample contains not only firms on Alibaba’s e-commerce platforms (online
firms), but also those that use more traditional business channels (such as
shops and offline firms). The latter use the Alipay app for mobile payments,
through the so-called Quick Response (QR) code, but are not fully
integrated into the e-commerce platform. From Ant Group, we obtain
detailed information on credit supplied by MYbank and firm characteristics
at a monthly frequency. In particular, we have access to credit data (quantity
and price), vendor transaction volumes, and their network score. The latter
measures users’ centrality in the network and is based on their payments
history and social interactions in the Alipay ecosystem. In particular, we can
compare three different types of credit: big tech credit (typically short term
and not collateralised), secured bank credit (such as mortgages), and
unsecured bank credit (typically credit lines with a contractual form very
similar to big tech credit).
Figure 1 reports the elasticity of the three different forms of credit to house
prices (in red) and local GDP (in blue). Looking at the red bars, the elasticity
of big tech credit to house prices is 0.055. That of unsecured bank credit is
almost four times higher (0.209) and that of secured bank credit is ten times
higher (0.58) than that of big tech credit. This is not surprising because
secured bank credit includes mortgages that are typically collateralised.
Turning to the reaction of credit to the real business cycle, the elasticity of
unsecured bank credit to GDP at the city level is more than three times
higher (0.147) than that of big tech credit (0.041). Overall, big tech credit is
less responsive to house price and local GDP conditions than bank credit,
even if of very similar contractual characteristics.
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Figure 1. Elasticity of credit with respect to house prices and GDP

Note: The figure reports the coefficient of three different regressions (one for
each credit type) in which the log of credit is regressed with respect to the
log of house prices at the city level, the log of GDP at the city level, and a
complete set of time dummies. Significance level: ** p<0.05; *** p<0.01.
Source Gambacorta et al (2020).
By contrast, big tech credit is more responsive than bank credit to changes
in borrower specific conditions. Figure 2 reports the unconditional elasticity
between the three forms of credit and transaction volume, which proxy a
borrower’s business conditions, for a random sample of 100,000 firms
served by both MYbank and traditional commercial banks. The elasticity is
0.15 for big tech credit, 0.09 for secured bank credit, and 0.12 for unsecured
bank credit. This is in line with the intuition that big tech use of platform
data makes credit provision more responsive to the firm’s business
conditions.
Figure 2. Elasticity between credit and transaction volumes
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Note: Based on a random sample of 100,000 firms served by both MYbank
and traditional banking. The dots in the figure indicate the log of credit use
(y-axis) and the log of transaction volume (x-axis) at the firm-month level.
The left-hand panel plots big tech credit, the middle panel plots secured
credit, and the right-hand panel plots unsecured bank credit. Linear trend
lines are reported in the graphs, together with 95% degree of confidence
bands. Standard errors in brackets.
Source Gambacorta et al (2020).
The elasticity between big tech credit and transaction volumes is different
when we compare online firms (those operating on the ecommerce platform)
and offline firms (such as shops or restaurants). The elasticity is 0.090 for
offline borrowers and 0.407 for online borrowers (see Figure 3). The
difference reflects the fact that big tech firms are better able to efficiently
collect and process information from online lenders that are integrated in the
big tech ecosystem. When the firm does business in its ecommerce platform,
the big tech has access to a richer set of additional data to be combined with
traditional transaction volumes obtained from payments.
Figure 3. Elasticity between big tech credit and transaction volume:
offline firms vs. online firms

Note: Based on a 100,000 random sample of firms that received credit by
MYbank. The dots in the figure indicates the log of credit use (y-axis) and
the log of transaction volume (x-axis) at the firm-month level. The left-hand
panel plots credit to offline firms and the right hand panel plots credit to
online firms. Linear trend lines are reported in both graphs, together with
95% degree confidence bands. Standard errors in brackets.
Source Gambacorta et al (2020).
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In summary, these results show that big tech credit is less procyclical and
reacts less to house prices and changes in local GDP conditions. At the same
time, big tech credit responds more quickly to changes in borrower-specific
characteristics, especially if the firm is well integrated in the big tech
ecosystem.
Big tech credit is growing fast and could soon become macroeconomically
relevant in many jurisdictions (Cornelli et al. 2020). The implication for the
function of the financial intermediation mechanism could be important. If
big tech credit is less procyclical and responds less to asset prices, this could
reduce the effectiveness of the financial accelerator mechanism, and reduce
financial booms. Big tech credit is indeed less dependent on the financial
cycle than traditional bank credit. This could have relevant effects for the
stability of SME financing. For example, while bank credit could be
tightened or made more expensive in response to a negative shock to asset
prices, big tech credit to SMEs should be less affected. Moreover, big tech
credit seems to correlate with local GDP conditions only for offline vendors,
while firms operating on the e-commerce platform are not influenced by
local economic activity and are less subject to local demand shocks. This
does not mean that big tech credit will not move over the cycle, but it will be
more subject to firm-specific shocks, or shocks that affect firms’ conditions
simultaneously. In particular, big tech credit (especially to online firms) is
more sensitive to the actual performance of SME borrowers and reacts by
more in case of a deterioration of firm-specific characteristics. For a more
complete assessment, it will be important to evaluate the different reaction
of big tech and bank credit over a full financial and business cycle.
The views in this paper are those of the authors only and do not necessarily
reflect those of the Bank for International Settlements or Ant Group.

(Leonardo Gambacorta, Bank for International Settlements; Yiping Huang,
Institute of Digital Finance and National School of Development, Peking
University; Zhenhua Li, Ant Group; Han Qiu, Institute of Digital Finance
and National School of Development, Peking University.)
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