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Abstract
Breakthroughs in artificial intelligence (AI) are reshaping credit markets by enabling
real-time riskmanagement, not merely better screening at origination. We studywhat
AI does, and what it cannot do, in unsecured small-business lending. Using propri-
etary, high-frequency data on a sample of 800,000 small-business borrowers drawn
from a large platform lender, covering January 2018 to March 2021, we show that
the lender’s machine-learning-based credit system continuously adjusts credit access,
credit lines, and interest rates as risk conditions change, including during the Covid-
19 shock, when delinquencies on these unsecured loans rose but remained contained.
Prediction alone, however, does not enforce repayment. Employing an instrumental-
variables design, we identify a causal effect of platformdependence ondefault: greater
dependence lowers default, consistent with stronger repayment incentives from con-
tinuedplatformparticipation. These findings reveal a distinctive feature ofAI-powered
platform lending: it is most effective when algorithmic risk management is integrated
with platform access and activity.
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1 Introduction

Advances in artificial intelligence (AI)1 have accelerateddramatically in the past fewyears.

The rapid diffusion of AI across finance, from credit scoring and assetmanagement to debt

collection and relationship lending, is reshaping how financial intermediaries originate,

price, andmonitor loans (Foucault et al., 2025; Huang, Lee, and Yeung, 2025; Chen, Sialm,

and Xu, 2025). One particularly active set of lenders deploying AI are large digital plat-

form firms (“big techs”). These digital platform providers are increasingly branching out

into finance (Bank for International Settlements, 2019; Frost et al., 2019; Stulz, 2019). In

some economies, AI-powered platform lenders have developed significant lending activ-

ities, either directly or in partnership with financial institutions. Such AI-driven platform

credit is estimated to have reached over USD 500 billion globally in 2019 (Cornelli et al.,

2023). The largest market for AI-powered platform credit by far is China, where big techs

like Ant Group, Tencent, JD, Baidu andMeituan offer a growing range of financial services

to individuals (eg, buyers on their platforms) and to small and medium-sized enterprises

(SMEs).

As a new form of financial intermediation, such AI-powered digital platform credit

may promote financial inclusion and inclusive growth (Luohan Academy, 2019). Digi-

tal pay-as-you-go financing models, enabled by AI and real-time data, have been shown

to generate substantial welfare gains for credit-constrained households and small firms

(Gertler et al., 2025), and the value of data itself for credit allocation and welfare is in-

creasingly well documented (Jansen et al., 2025). Yet as with all forms of lending, it is

subject to specific financial risks, namely credit risk (the risk that borrowers will default),

liquidity risk (the risk that the lender will not be able to meet cash flow needs, eg to repay

funding), operational risk (the risk of loss resulting from inadequate or failed internal pro-
1Throughout the paper, we use the term AI in the sense of Agrawal, Gans, and Goldfarb (2018):

machine-learning algorithms that turn large volumes of data into predictions, coupledwith automated deci-
sions based on those predictions. In lending, the prediction is a borrower’s default risk, and the decisions are
whether to lend, how much, and at what price. This definition covers the machine-learning credit models
studied in the recent literature (Fuster, Goldsmith-Pinkham, et al., 2022).
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cesses, people and systems) and aggregate systematic risk. While these risks have been

studied in detail for bank lending, there have been few analyses yet of financial risks for

AI-based platform credit. In this project, we focus specifically on credit risk, assessing the

impact of AI and specific features of digital platforms.

Aided by big data, emerging research suggests both advantages and risks of digital

(fintech and big tech) lending (see Berg, Fuster, and Puri (2022)). Based on platform in-

formation advantages (Agarwal et al., 2020) and more efficient information acquisition

from a digital payment system (Ghosh, Vallee, and Zeng, 2025), AI-powered platform

credit can serve previously un(der)served segments of the population, with limited ac-

count access or credit history. It can also reduce geographic frictions in credit markets

(Gopal and Schnabl, 2022; Huang, Zhang, et al., 2020; Hau et al., 2019). AI-based lending

models can represent a technological innovation that reduces frictions in lending, such

as lengthy loan processing, capacity constraints, inefficient refinancing and limited access

to finance by some borrowers. These efficiency gains do not lead to higher default costs

(Fuster, Plosser, et al., 2019). Moreover, AI systems can leverage big data as a substitute

for physical collateral, providing inclusive finance to borrowerswho lack traditional assets

(Gambacorta, Huang, et al., 2023). Recent evidence further shows that AI is transforming

relationship lending, enabling lenders to combine hard algorithmic signals with soft infor-

mation in ways that improve credit allocation (Gambacorta, Sabatini, and Schiaffi, 2025;

Chen, Cheng, et al., 2026). Information production by lenders, including AI-augmented

screening, also varies over the business cycle, with important implications for credit sup-

ply (Howes and Weitzner, 2025).

However, as with any innovation or new business model, the platform’s information

advantage could also lead to unintended consequences. Recent research shows that dig-

ital platforms could aggregate consumers’ purchase histories into scores that proxy for

unobserved willingness to pay. Platforms could take advantage of those hidden scores—

which only they observe—to reduce demand sensitivity, increase average prices and re-
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duce consumer surplus (Bonatti andCisternas, 2020). Algorithmic decision-making could

mitigate in-person discrimination bias, but it can also lead to new biases and discrimina-

tion, as shown by Buchak et al. (2018), Blattner and Nelson (2021), Bhutta, Hizmo, and

Ringo (2022), Di Maggio and Yao (2021), Fuster, Goldsmith-Pinkham, et al. (2022) and

Bartlett et al. (2022) show. Emerging evidence on AI-assisted debt collection further illus-

trates both the promise and the limits of algorithmic enforcement in credit markets (Choi

et al., 2025).

Can AI systems, leveraging real-time big data, improve human decision-making to

lend to borrowers within a platform? Di Maggio, Ratnadiwakara, and Carmichael (2022)

show that the lenders can leverage big data to find “invisible primes”—borrowers with

low credit scores and short credit histories, but also a low propensity to default. Berg,

Burg, Gombović, et al. (2020), Berg, Fuster, and Puri (2022) and Berg, Burg, Keil, et

al. (2022) exploit data from platform firms, especially payment firms, and study digital

footprint variables (eg device type, the operating system and the email provider) to be

important predictors of default. Dai et al. (2022) show that information acquired by the

lender through borrowers’ digital footprints increases the repayment likelihood on delin-

quent loans. In addition, the lender tends to approve loan applications from borrowers

with digital footprints, even though these borrowers occasionally have a higher likelihood

of delinquency. Those findings suggest that digital footprints, as a new type of enforce-

ment mechanism, can enhance financial inclusion.

More generally, our paper is related to recent studies focused on AI-powered lend-

ing models and platform ecosystems (see, for example, Liu, Lu, and Xiong (2022) and

Brunnermeier and Payne (2022)). We contribute to this strand of the literature with evi-

dence that AI-powered platform lending can be successfully employed not only to predict

default but also for dynamic credit risk management. Those advantages for risk manage-

ment rely on real-time (alternative) data and platform enforcement, given the threat of

platform exclusion, a mechanism formalized by Li and Pegoraro (2026), who show that a
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bigtech platform’s ability to exclude borrowers from its ecosystem strengthens repayment

incentives. The growing deployment of AI across financial services—from credit origina-

tion to asset management (Chen, Sialm, and Xu, 2025)—underscores the importance of

understanding how these systems manage risk in practice.

This paper asks what AI does in lending beyond screening at origination, and what

it cannot do. We study small and medium-sized enterprise (SME) lending by a large

platform lender in China, whose credit decisions are made by a machine-learning-based

system with no human intervention. Prior work has shown that access to platform-based

finance can reduce firm-level volatility (Chen, Huang, et al., 2022). We use the Covid-19

shock, which affected different regions and borrowers differently, to shed light on how

AI-based platform credit performs during shocks, and how its credit risk differs from that

of traditional banks (Vasicek, 1987). We organise the evidence in three steps.

First, we document the credit-risk outcomes of the AI-based lending system. Delin-

quency rates are lower than those of banks that lend to comparable small borrowers. We

confirm that the probability of default (PD) and loss given default (LGD) rose during

the pandemic, particularly in cities more affected by the pandemic, or with tighter trade

links to Wuhan. Yet notably, the increase was largely in the first months of the pandemic;

by June 2020, the rise in delinquencies was relatively contained, and correlations started

coming down again. This is particularly surprising given that such lending does not rely

on collateral.

Second, we show how AI operates as a real-time risk management tool. The system

adjusts credit admission, credit lines and interest rates as risk conditions change. It does so

by reallocating credit across borrowers rather than by contracting uniformly, and it adjusts

quantities far more frequently than prices. Because algorithmic decisions raise concerns

about bias, we also examine whether these adjustments differ by borrowers’ gender, edu-

cation and age.

Third, we show the limit of AI. Prediction addresses the lender’s information problem,
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but it cannot by itself enforce repayment of an unsecured loan. Using an instrumental-

variables design, we show that borrowers who depend more on the platform default

less, and that this effect is concentrated among sellers with larger platform-specific in-

vestments. The value of continued platform participation thus acts as implicit collateral,

given the threat of platform exclusion.

We go beyond the existing literature on AI-powered platform credit by identifying two

channels throughwhich the characteristics of such lending, as part of an integrated digital

ecosystem and using real-time alternative (big) data, can mitigate credit risk. The first is

dynamic credit adjustment by the AI system, which also helped offline borrowers. The

second is the value of the digital platform services, which can entice borrowers, especially

online borrowers, to continue repaying. Our evidence on the first channel is descriptive,

while our evidence on the second is causal. To our knowledge, ours is the first study to

show in a systematic fashion how specific features of AI-powered lenders affect the risk of

platform credit portfolios, and how credit risk was managed in practice during the Covid

shock. Finally, our research findings serve as an input to evidence-based policymaking on

the regulation of AI-driven platform financial activities.

The rest of this paper is organised as follows. Section 2 describes the AI-based lending

system. Section 3 documents its credit-risk outcomes: relative to banks, across cities, and

during the Covid-19 shock. Section 4 studies AI as a real-time risk management tool,

using aggregate and borrower-level evidence ondynamic credit adjustment, and examines

algorithmic bias. Section 5 turns to the limits of AI and shows that platform dependence

sustains the incentives to repay. Finally, Section 6 concludes.

2 The AI-based Lending System

We use the term AI to refer to the lender’s machine-learning-based credit system: a set

of models that predict each borrower’s default risk from payment, transaction and be-
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havioural data, combined with automated rules that map these predictions into decisions

on credit admission, lines of credit and interest rates. Two features distinguish this sys-

tem from conventional credit scoring. First, decisions are fully automated, with no human

intervention. Second, predictions and decisions are not made once, at the time of a loan

application; they are updated continuously, before and after origination. This section de-

scribes the lender, its borrowers and the architecture of the system. The following sections

study what the system does and where its limits lie.

The firm is a major lender to small businesses across China. In this study, we focus on

its two major lending products. One is provided to “online” e-commerce merchants, who

sell products on a digital platformwhose services are part of the same overall ecosystem of

the platform lender, and use the lender’s payment functionality. The other lending prod-

uct is for “offline” merchants—small business owners who use the firm’s digital payment

functionality in their businesses, such as restaurants and grocery stores, but do not rely on

the e-commerce platform. In total, there were 45 million borrowers as of February 2021,

with 27 million loans, an average loan size of RMB 1,780 (~USD 280), an average duration

of 1.5 months and an annualised interest rate ranging from 6% to 17%.

These activities grew fast in the period leading up to, and during, the Covid-19 pan-

demic. Strikingly, lending by the firm nearly doubled in 2020 relative to the previous year

(Figure 1, left-hand panel). Overall platform lending in China also grew in 2020, by about

50% relative to 2019. Lending values thus reached about RMB 4400 bn (~USD 620 bn)

(right-hand panel).

A distinctive feature of the platform’s lending model is that risk management begins

at the potential borrower stage—well before any loan application—and continues through

approval, drawdown, and repayment, with credit limits and pricing updated in real time

as new data arrive. We now describe the risk management architecture that underlies the

platform’s SME lending business, which enables continuous, data-driven adjustment of
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Figure 1: Big tech credit kept growing even during the Covid-19 pandemic

Note: “Total big tech lending” refers both to lending directly by big techs and lending in partnership
with financial institutions. Sources: authors’ calculations; Cornelli et al. (2023).

credit limits and pricing.2

2.1 The Risk Management Architecture

The system spans the full borrower lifecycle, starting from the screening of prospective

SMEs in the platform’s merchant ecosystem. Transaction, behavioral, and network data

are continuously ingested to pre-compute eligibility and indicative credit limits, so that

once a borrower applies, approval is near-instantaneous. Figure 2 illustrates the architec-

ture.

The credit risk management system consists of three sets of decisions. First is credit ad-

mission. With the vast customer base of the e-commerce platform and the digital payment

service, the lender can evaluate the creditworthiness of a potential SME applicant and de-

cide whether she will be granted a loan if she applies. This can be done for both online

borrowers (with a wealth of e-commerce data) and offline borrowers (with only payment
2The platform’s SME lending product is often referred to as the “3-1-0 model”: less than three minutes

for a borrower to apply, less than one second for the lender to approve, and zero human intervention. This
fully automated process is made possible by a real-time, AI-based credit risk management system.
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Figure 2: The credit risk management system behind AI-powered platform SME loans

AI Algorithms + Real-time Big Data

SMEs using
digital payments

Admitted
borrowers

Existing
borrowers

1. Credit
admission

2. Pre-credit
management

3. Credit
adjustment

Apply for loans

data). If an SME owner is admitted, the second set of decisions on the size of the line of

credit and interest rates are made by the pre-credit management system. To show a new ap-

plicant these decisions within one second, the pre-credit management system maintains

the credit decisions for all potential borrowers and updates them at a high frequency (usu-

ally daily). Once a borrower applies for a loan, she will sign a borrowing contract with the

lender, which allows her to apply for loans at any time as long as her loan request does

not exceed the remaining line of credit. Finally, the credit adjustment system evaluates the

borrower’s creditworthiness and the history of repayments, and updates these at a regular

frequency. The borrower will see the latest line of credit and interest rates on her end at

any time.

What distinguishes this architecture from traditional credit systems is the frequency

and granularity of adjustment. The system responds to aggregate risk conditions by tight-

ening total credit supply when system-wide risk rises; it responds to borrower-level de-

mand by raising temporary credit lines during peak sales seasons; and it responds to local

shocks by scaling back credit in regions where the real economy is affected (Section 3.2).

Comparing online and offline borrowers sheds light on both the challenges of risk con-

trol and the AI system’s capabilities. Online borrowers are SME owners who operate e-
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commerce shops, food delivery services, or similar establishments on the platform; offline

borrowers are small vendorswhouse only the platform’sQR-code payment service. Loans

to both groups have six- to twelve-monthmaturities with flexible prepayment—borrowers

pay interest only over the period credit is drawn. Figure 3 shows that average loan size

has grown over time to RMB 18,000 (~USD 2,800) for online borrowers and RMB 12,000

for (~USD 1,880) for offline borrowers in 2021, with medians below RMB 5,000 for both.

On average, loans are repaid in one to two months.

Figure 3: Loans are typically small, but loan size has grown over time

Note: Authors’ calculations.

Both groups depend on the platform, but to different degrees. Online borrowers rely

on the associated e-commerce platform for sales as well as payments, and sellers who

have accumulated customer reviews and reputation on the platform attach substantial

value to remaining in good standing—even when financially strained. Offline borrowers,

by contrast, use only the payment service and could in principle switch to a competing

payment provider. Given the platform’s significant share in the payment market, such a

switch would cause inconvenience to a considerable number of consumers, which could

in turn impact the borrowers’ businesses. As we will discuss in more depth, the fact that

offline borrowers continued to repay during the Covid shock could initially be seen as a
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puzzle, and relates to specific practices aimed at dynamically adjusting such credit.

3 CreditRisk ofAI-basedLending: Aggregate andRegional

Evidence

In this section, we document the credit-risk outcomes of the AI-based lending system de-

scribed in Section 2. We compare its lending performance with the overall risk level of the

financial system and with city-level variations in credit risk across the economy, and we

examine how the portfolio performed during the regional Covid-19 shock. The evidence

in this section is descriptive: it shows how credit risk evolved under the AI-based system,

and motivates the analysis of the mechanisms in Sections 4 and 5.

3.1 Delinquency Rates: Platform Lender versus Commercial Banks

We first calculate the probability of default (PD) for loans by the platform firm across its

entire portfolio, at the national level. At any given point in time, the PD is defined as the

ratio of the value of loans that are delinquent for 30 days or more to the total value of

outstanding loans. We compare this with data major categories of Chinese banks.

Figure 4 shows the sampled AI-based platform loans’ PD rate and that of different

categories of banks in China. The PD of the platform loans is significantly lower than

that of city commercial banks and rural commercial banks. These two types of banks

issue loans with relatively smaller sizes than other banks, although still much larger than

the platform loans. During the first half year of 2020, the risk of platform loans rises,

reflecting the shock to SMEs due to the lockdown policies in China. It decreases after

July 2020, consistent with the AI-powered lender quickly adjusting to contain credit risk.

The default rates on joint stock commercial banks and the national average remain fairly

constant over the full period.
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Figure 4: Delinquency rates of fintech loans are lower than at commercial banks

Note: All the delinquency rates refer to a 90-day delinquency rate. Different types of banks are
categorized based on the classification of commercial banks by the People’s Bank of China. Data
is calculated by the authors.

3.2 Platform Credit Risk and Local Real-economy Defaults

To examine the relationship between AI-based credit risk and other forms of credit risk

in the real economy, we introduce city-level data on defaults. In China, when a debt de-

fault occurs, if the debtor fails to fulfil the repayment obligation within a certain period

following a court ruling, the court designates the individual as a defaulter and makes

this information publicly available. Being listed entails various penalties, most notably re-

strictions on consumption activities. We collect data from the nationwide legal judgment

system across all cities in the years 2018–20, and construct the annual number of default-

ers for each city. In addition, using our daily city-level PD data, we compute the annual

average PD for each city, based on both a 30-day definition and a stricter definition of 90

days past due. We also compile data on GDP per capita and GDP growth for the cities

over this period.

Table 1 gives descriptive statistics. Notably, the mean of the city-level PD of the plat-

form lender is about 1.92% with the 30-day definition, and 1.34% with the 90-day defini-

tion over the sample period. Meanwhile, from the nationwide legal judgment system (ie
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defaults on loans from all sources), there are approximately four defaulters per thousand

residents per year in the average city.

Table 1: Descriptive statistics at city level

Variable name Mean P25 Median P75 Std. Dev. N
PD (30 days) 1.92 1.23 1.83 2.54 0.89 1,046
PD (90 days) 1.34 0.76 1.26 1.83 0.72 1,046
Defaulters (per thousand population) 3.99 1.30 3.11 5.58 3.81 818
GDP per capita (RMB) 62,774 38,026 52,344 78,545 33,853 818
GDP growth rate (%) 5.33 3.70 5.90 7.60 3.27 817

Note: The table presents summary statistics for Fintech credit risk and real-economy risk, based on
data from 349 cities during 2018–2020. The real-economy default data are available for 273 of these
cities.

Table 2: AI-based credit risk at the city level

Dependent variable: probability of default, Fintech loans (30 days, percentage)
(I) (II) (III) (IV) (V)

Defaulters (per thousand) 0.024∗∗ −0.013∗ −0.023∗ −0.016∗∗ −0.027∗

(0.008) (0.005) (0.011) (0.006) (0.012)
GDP per capita −0.152∗∗ −0.916∗∗∗

(0.048) (0.240)
GDP growth rate −0.021∗ −0.010

(0.010) (0.009)
Year 2018 −0.953∗∗∗ −0.962∗∗∗ −0.945∗∗∗ −1.050∗∗∗

(0.049) (0.031) (0.060) (0.045)
Year 2020 0.602∗∗∗ 0.608∗∗∗ 0.492∗∗∗ 0.562∗∗∗

(0.048) (0.026) (0.066) (0.047)
City fixed effects N N Y N Y
Adjusted 𝑅2 0.010 0.557 0.839 0.523 0.844
No. observations 818 818 818 655 655

Note: This table reports the relationship between Fintech credit risk and real-economy
risk. The dependent variable is the 30 days probability of default of Fintech loans
in percentage points. Column (II) adds year dummies only (no city fixed effects),
while column (III) adds both year dummies and city fixed effects. The same logic
applies to columns (IV) and (V), which additionally control for GDP per capita and
GDP growth. The 2018 and 2020 year dummies use 2019 as the reference year. ∗∗∗

𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.1.

We now regress the PD of the platform lender against defaults and economic condi-

tions at the city level. Table 2 presents the results. First, there is a clear positive correlation
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between AI-based platform credit defaults and default rates in the real economy (column

I). Yet this relationship mainly reflects the common upward trend in 2018–2020. To disen-

tangle the roles of the year dummies and the city fixed effects, column (II) adds only the

year dummies (using 2019 as the reference year) without city fixed effects, while column

(III) layers city fixed effects on top. The sign of “Defaulters” already flips from positive

to negative in column (II), so the year dummies alone are enough to account for the sign

reversal; adding city fixed effects in column (III) sharpens the estimate but is not what

drives the change in sign.

Second, after accounting for time effects and city fixed effects, the relationship between

AI-based platform credit risk and real-economy risk becomes negative. An increase of

one default per 1,000 population (a 25% increase) is associated with a reduction in the

platform PD rate by 0.13 to 0.27 percentage points. The negative relationship suggests

that in regions where real economy risk levels are higher, the AI-based lending system

takes a stricter, more cautious strategy in controlling credit risk.

Third, columns IV and V show that regions with higher income per capita and faster

economic growth exhibit lower credit risk from the platform lender. In Appendix A, we

report the analysis based on the 90-day probability of default, which are consistent with

those using the 30-day definition.

3.3 AI-based Lending under a Regional Shock: Covid-19

A natural concern about machine-learning credit models is that they are trained on past

data and may perform poorly when conditions change abruptly. The Covid-19 shock is

such a change. In this subsection we use daily data on the credit portfolio at the city level

in the period January 2018–February 2021 to evaluate the effect of risks from Covid-19

shocks. We consider the total loans granted to borrowers in this city as a credit portfolio.

On each day, there are new loans disbursed as well as past loans that are delinquent. Then

we can approximate the probability of default (PD) by the ratio of delinquent loan amount
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to the total outstanding loans. This results in 17,702 observations across 337 cities.

For our analysis, we demarcate the Covid shock based on key events in the policy

response. In China, the Covid-19 shock began in Wuhan on 23 January 2020, and soon

led to national wide lockdowns. Hubei province (where Wuhan is located) instituted

a particularly severe lockdown, which lasted for over three months. On 2 May, Hubei

downgraded the emergency response to Covid-19 from the highest level (level 1) to a

lighter regime (level 2). By May, most provinces were in the recovery process with no

strict restrictions on traffic in and out. Hence, we define the shock period as that from the

weeks of 23 January to 4 May 2020.

Figure 5: Probability of default (PD) of AI-based platform credit remained low

Note: The solid vertical lines indicate the week of 23 January and 4 May 2020 (dates in which the
lockdown began and ended in Wuhan). The probability of default (PD) rate is defined as the 90
days delinquency rate of SME lending. Source: authors’ calculations.

In Figure 5, we compare the PD of SME loans in Wuhan, Beijing and Shanghai. The

PD in Wuhan rises first and sharply. Due to the policy of precise prevention and contain-

ment, SMEs in Shanghai were less affected compared with the national average. Beijing’s

lockdown policy was relatively strict, so defaults were also at a relatively high level.

In Figure 6, we plot the change in PD between two periods before and after the shock

in different cities. We can see that, not surprisingly, PDs rose more in cities with more
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Figure 6: Which cities saw a higher increase in credit risk?

Note: The number of cases refers to total confirmed cases in each city by July 2020, when the total
number was only increasing by a single digit number per day. The population of each city is from
the 2019 annual statistics. The trade volume with Wuhan of a city is calculated from a sample of a
Chinese e-commerce platform’s transactions in a period of 2020. Source: authors’ calculations.

infected people (left-hand panel). Moreover, using the trade volume of each city with

Wuhan in the previous year to represent the economic ties with Wuhan, we can see a

weakly positive correlation with the increase in PDs (right-hand panel).

This pattern is confirmed with simple regressions (Table 3). PDs were higher in cities

with longer lockdowns and more cases. In particular, the Covid shock increases the PD in

2020 by 0.416 percentage points (column I). The lockdown has a persistent effect, lasting to

the end of 2020. One more week of lockdown time resulted in a 0.017 percentage increase

in PD, even after the lockdown ended.

In addition to the probability of default, the delinquency data at different frequencies

allow us to estimate a loss given default (LGD). Figure 7 shows the LGD based on delin-

quencies at 180 days vs 30 days past due. The average value is 60.0%—similar to the typical

LGD used in standard approaches in banking lending. Based on an alternative definition,

based on loans that were delinquent at 90 days, the average LGD is 70.0%.

We also examine the correlation of default rates across cities. Table 4 shows that cities

closer to Wuhan experienced higher correlations in default rates during the pandemic.
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Table 3: Regressions of PD against Covid shock, lockdown measures and cases

Dependent variable: probability of default (%)
(I) (II) (III) (IV)

Covid dummy 0.416∗∗∗

(0.001)
Lockdown time (weeks) 0.037∗∗∗ 0.017∗∗∗

(0.001) (0.002)
Log(number of cases) 0.044∗∗∗

(0.005)
After lockdown dummy 0.384∗∗∗ 0.574∗∗∗

(0.018) (0.015)
City fixed effects Y Y Y Y
Adjusted 𝑅2 0.095 0.093 0.131 0.135
No. observations 10,917 10,917 10,917 10,917

Note: ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.1.

Figure 7: Distribution of loss given default (LGD) across loans

Note: We calibrate the loss given default rate by considering the loans borrowed by SMEs in one
city is an asset, and use the ratio of loss after 180 days, to the amount of loans delinquent after 30
days (or 90 days). The average of LGD (30) is 0.600, with median 0.588 and standard deviation
0.187. The average of LGD (90) is 0.700, with median 0.704 and standard deviation 0.177. Source:
authors’ calculations.

This geographic pattern reflects the spread of both the virus and the economic shock

through supply chain and trade linkages.
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Table 4: Regressions of correlations against geographic distance

Dependent variable: 𝜌𝑖,2020 = correlation(PDcity 𝑖, PDWuhan)2020

(I) (II) (III) (IV)

𝜌𝑖,2019 0.2822∗∗∗ 0.2285∗∗∗ 0.1977∗∗∗ 0.1977∗∗∗

(0.0517) (0.0536) (0.0568) (0.0568)
Distance from Wuhan (1,000 km) −0.1463∗∗∗ −0.1325∗∗∗ −0.1173∗∗∗ −0.1173∗∗∗

(0.0043) (0.0272) (0.0283) (0.0283)
Lockdown level 0.0029∗∗∗

(0.0010)
Cumulative lockdown level 0.0015∗∗∗ 0.0015∗∗∗

(0.0005) (0.0005)
Intercept 0.7516∗∗∗ 0.6220∗∗∗ 0.2881∗ 0.2881∗

(0.0336) (0.0572) (0.1542) (0.1542)
City fixed effects Y Y Y Y
Adjusted 𝑅2 0.2104 0.2342 0.2381 0.2381
No. observations 334 336 336 336

Note: Source: authors’ calculations. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.1.

4 DynamicCreditAdjustment in theAI-basedLendingModel

The previous section showed that credit losses on the AI-based portfolio remained con-

tained, even during the Covid-19 shock. We now turn to how the AI system manages risk

after origination. As described in Section 2, the system updates credit admission, lines of

credit and interest rates continuously as new data arrive. This is the function of AI that

goes beyond screening at origination.

In addition to the limited PDs for online borrowers, the platform lender saw a very

small rise in defaults for the (much larger) pool of offline lenders, for whom recourse

after default may be much more difficult. Why is this the case? We show that dynamic

credit adjustment played an important role.

4.1 Aggregate Dynamic Adjustment During the Covid-19 Shock

Since theAI-basedplatform credit system is built on real-time big data (primarily payment

transaction data), it must continuously process approximately RMB 360 bn (~USD 50 bn)

17



of transactions per day and respond instantaneously. For each new credit application, the

system makes decisions on approval, credit limits, and interest rates. For each existing

borrower, the system determines whether to increase or decrease the interest rate, expand

or reduce the credit limit, and approve or reject new loan applications. Consequently, the

AI-based system must balance at least two key objectives: it must control credit risk and

ensure profitability, while at the same time maintaining a smooth borrower experience,

e.g., by avoiding seemingly arbitrary increases in interest rates.

Figure 8: Credit admissions depend on PD; removal of access for some lets others enter

Note: The Credit Admission rate is calculated from a sample of three million potential and existing
borrowers, indicating the proportion of potential borrowers admitted each day. The PD rate is
calculated from a large representative sample of existing borrowers. It is the risk of current out-
standing credit balance according to daily repayment activity.

First, we show the adjustments in the credit admission ratio (blue) in response to the

change in PDs (red). When PDs rose due to the Covid shock in early 2020, the credit

admission ratio dropped quickly by about 3 percentage points, to 94% of all borrowers

(Figure 8, left-hand panel). Throughout our period, aggregate credit admission rateswere

lower on days where the aggregate PD was higher (centre panel). Yet more importantly,

the AI-powered lender differentiated between borrowers. Whenever the credit offer to

individual borrowers is revoked, a similar number of new borrowers receive an offer for
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credit (right-hand panel). It is especially higher-quality borrowers (eg those who have

not defaulted in the past) who receive new offers.

Figure 9: Lines of credit (LoC) were adjusted dynamically, expanding for good borrowers
when they were reduced for others

Note: The lines of credit are calculated from a sample of three million potential and existing bor-
rowers, indicating the mean of LoC for both potential borrowers and existing borrowers on each
day. The PD rate is calculated from a large representative sample of existing borrowers. It is the
risk of the current outstanding credit balance according to daily repayment activity.

In Figure 9, we show the dynamic adjustment in the line of credit. The average size of

lines of credit was curtailed in March and April 2020, yet this was short-lived, and aver-

age lines of credit were soon above their previous levels (left-hand panel). Again, higher-

quality borrowers saw their line of credit expanded, and this adjustment happened very

quickly. As a result, the correlation between the average size of the line of credit and the

overall PD rate is weaker than the correlation between credit admissions and PD (cen-

tre panel). As with credit admission, lines of credit were expanded for some borrowers

whenever they were reduced for others (right-hand panel).

In Figure 10, we showhow interest rates developed. Strikingly, as PDs rose, the average

interest rate fell sharply (left-hand panel). Therewere also changes across the distribution

of interest rates, as fewer borrowers faced an interest rate over 20%, and more received an
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Figure 10: As the pandemic hit, interest rates were reduced

Note: The interest rate is calculated from a sample of threemillion potential and existing borrowers,
indicating the mean of interest rate for both potential borrowers and existing borrowers on each
day. We divide consumers into four groups with similar share at the beginning of the sample
period. Group 1 includes borrowers with interest rate less than 12.5%. Group 2 includes those
with interest rates less than 15%. Group 3 includes borrowers with rates less than 20%, while the
remaining borrowers are in Group 4. SHIBOR refers to the Shanghai interbank offered rate.

offer for loans below 12.5% (right-hand panel). This was all the more notable as central

bank policy interest rates and interbank rates declined only slightly during the period.

4.2 Borrower-level Evidence: Lines of Credit and Interest Rates

We now zoom in from aggregate patterns to borrower-level dynamics, examining how

the AI system adjusts credit limits and interest rates at the individual firm level during

the Covid-19 shock. We draw a random sample of 281,503 potential offline borrowers, i.e.,

SMEs evaluated by the platform as prospective clients during the sample period, whether

or not ultimately admitted, and track their credit status monthly from April 2019 to De-

cember 2020. We focus on offline borrowers because they account for the majority of the

platform’s SME client base and span amuchwider range of industries, making their credit

dynamics more representative of how the AI system responds to a macro shock.
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Table 5: Descriptive statistics of the credit adjustment dataset

Variable Mean P25 Median P75 Std. Dev. N

Is admitted 0.80 1 1 1 0.40 5,527,389
Line of credit (LoC) value (RMB) 28,725 5,000 16,000 45,000 34,653 3,891,670
Loan value (RMB) 5,735 0 0 3,500 16,650 144,107
Change in LoC (RMB) 1,035 0 0 0 11,943 3,591,712

- when LoC increases 10,917 5,000 5,000 10,500 17,275 755,520
- when LoC decreases −13,116 −16,000 −7,000 −2,800 20,224 345,340

Interest rate (percentage points) 16.01 12.60 16.20 19.80 3.90 3,891,670
Change in interest rate −0.11 0.00 0.00 0.00 1.34 3,591,712

- when interest increases 3.66 1.80 1.80 5.40 2.57 104,847
- when interest decreases −3.79 −5.40 −3.60 −1.80 2.61 208,328

Sales value (RMB, monthly) 12,901 1,113 3,508 9,619 112,441 4,505,866
Sales orders (monthly) 163.20 25.00 64.00 166.00 357.54 4,505,866
Gender (Is female) 0.50 0 0 1 0.50 263,209
Age 40.80 34 40 48 9.02 263,209
PD (percentage points) 2.23 1.84 2.08 2.63 0.44 21

Note: Descriptive statistics for the offline-borrower sample used in Sections 4.1. The sample is a
balanced borrower-by-month panel of 263,209 borrowers across 21months (April 2019–December
2020). “Is admitted” is an indicator that equals one in all months from the borrower’s first posi-
tive credit month onward. Line of credit, interest rate, and sales variables are observed only for
borrower-months with active credit access. Change variables require the borrower to be observed
in two consecutive months. PD is the platform-wide 30-day delinquency rate (see Section 3); it is
a monthly time series that takes one value per month.

Table 5 reports descriptive statistics. Among admitted borrower-months, the average

credit line is RMB 28,725 (~USD 4,100) and the average interest rate is 16.0%. Is admit-

ted equals one in 80% of borrower-months in the balanced panel.3 Adjustments on the

two margins differ sharply in frequency. Credit lines are adjusted in 30.6% of borrower-

months (21.0% increases, 9.6% decreases), implying a typical borrower sees a credit-line

change roughly once every 3.3 months. Interest rates are adjusted far less frequently, in

only 8.7% of borrower-months (2.9% up, 5.8% down), or roughly once every 11.5 months

per borrower. The platform-wide probability of default ranges from 1.75% to 2.97% across

the 21-month window.
3The 80% borrower-month admission rate in Table 5 is not directly comparable with the 94–98% admis-

sion rate in Figure 8. The figure is a daily cross-sectional rate computed on a separate three-million-borrower
sample: the share of potential borrowers in admitted status on each day. The table is a longitudinal share
computed on the 263,209-borrower balanced panel: the 20% of observations with value 0 are pre-entry
borrower-months for borrowers who were eventually admitted, not borrowers being rejected.
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4.2.1 Dynamic Adjustment in the Line of Credit

To investigate the relationship of adjustment in the line of credit (LoC) and the risk of

the aggregate portfolio, we now regress changes in LoC value against the risk level of the

previous month:

ΔLoC𝑖,𝑡 = 𝛽 ⋅ PD𝑡−1 + 𝛾 ⋅ 𝑋𝑖,𝑡 + 𝛼𝑖 + 𝜀𝑖,𝑡 (1)

where PD𝑡−1 is the average of the daily PD rate in the previous month, 𝑋𝑖,𝑡 includes in-

dividual time varying variables, and 𝛼𝑖 is the individual fixed effect. We run two sets of

regressions, first only control PD𝑡−1 and then add the time-varying controls 𝑋𝑖,𝑡.

We use the inverse hyperbolic sine transformation of the change in LoC, IHS(ΔLoC),

which is approximately linear around zero but behaves like a logarithm for large changes.

It allows us to treat both positive and negative changes at once and can be interpreted in

terms of semi-elasticity for large changes.

We first analyze the extensive margin of LoC adjustments. In Columns (I)–(III) of Ta-

ble 6, the dependent variable is an indicator for whether the borrower’s LoC changes in

each month. We find that adjustments occur less frequently in higher-risk periods. This

pattern remains robust after controlling for time-varying shop operating information and

the borrower’s current credit level. The evidence suggests that, overall, the platform ad-

justs credit lines more cautiously when observing a higher aggregate risk. We then ex-

amine the overall magnitude of LoC adjustments in Columns (IV)–(VI). Higher risk is

associated with a lower net change in credit lines. Interpreting the IHS specification in

semi-elasticity terms, a 0.1 percentage-point increase in risk is associated with an approx-

imately 3.5%–7.5% reduction in credit lines.

Table 7 decomposes LoC adjustments by direction to study asymmetries in the plat-

form’s quantity response. Conditioning onmonthswith LoC increases (ΔLoC > 0, columns

I to III), a higher risk level is associated with larger expansions in credit lines. By contrast,

conditioning on months with LoC decreases (ΔLoC < 0, columns IV to VI), higher risk

22



Table 6: Credit adjustment for individual borrowers relative to past PD

Dependent variable: Is LoC changed (0/1) IHS(ΔLoC)
(I) (II) (III) (IV) (V) (VI)

PD, previous month (ppt) −0.144∗∗∗ −0.144∗∗∗ −0.143∗∗∗ −0.753∗∗∗ −0.678∗∗∗ −0.345∗∗∗

(0.001) (0.001) (0.001) (0.007) (0.007) (0.008)
Log LoC (value), prev. month −0.015∗∗∗ −1.177∗∗∗

(0.000) (0.007)
Interest rate (ppt), prev. month −0.002∗∗∗ 0.054∗∗∗

(0.000) (0.002)
Shop controls N Y Y N Y Y
Individual FE Y Y Y Y Y Y
𝑅2 0.155 0.162 0.163 0.061 0.071 0.106
No. observations 3,382,776 2,932,390 2,932,390 3,382,776 2,932,390 2,932,390

Note: Shop controls include the log sales value (RMB) and log sales orders. Standard errors, reported in
parentheses, are clustered at the individual borrower level. ∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05.

is associated with deeper contractions. Importantly, the risk sensitivity is substantially

stronger on the expansion margin than on the contraction margin.

Table 7: Credit adjustment for individual borrowers is asymmetric

Dependent variable: IHS(ΔLoC)
Sample When LoC increases (ΔLoC > 0) When LoC decreases (ΔLoC < 0)

(I) (II) (III) (IV) (V) (VI)

PD, previous month (ppt) 0.388∗∗∗ 0.404∗∗∗ 0.379∗∗∗ −0.051∗∗∗ −0.084∗∗∗ −0.070∗∗∗

(0.003) (0.004) (0.004) (0.006) (0.007) (0.006)
Log LoC (value), prev. month −0.054∗∗∗ −1.061∗∗∗

(0.002) (0.005)
Interest rate (ppt), prev. month −0.028∗∗∗ −0.056∗∗∗

(0.001) (0.001)
Shop controls N Y Y N Y Y
Individual FE Y Y Y Y Y Y
𝑅2 0.487 0.495 0.498 0.670 0.688 0.786
No. observations 691,339 625,065 625,065 326,398 282,082 282,082

Note: Standard errors, reported in parentheses, are clustered at the individual borrower level. Shop
controls include the log sales value (RMB) and log sales orders. ∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05.
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4.2.2 Dynamic Adjustment in Interest Rate

In addition to adjusting the available lending value, the AI-powered platform lender ad-

justs the interest rate. On average, interest rates decrease by 0.07 percentage points per

month across the full sample (Table 5). Unlike credit line adjustments, which are rela-

tively frequent (18.0% increases and 9.1% decreases), interest rate changes are infrequent.

Interest rates increased in 2.6% of observations, with an average rise of 3.89 percentage

points, and decreased in 4.5% of observations, with an average drop of 3.76 percentage

points.

As the platform accumulates more information and behavioral data about borrowers

over time, interest rates for most borrowers tend to decline mechanically as relationships

mature, as shown in Figure 10. To separate the relationship between interest rate adjust-

ments and the aggregate risk from this underlying downward trend, we therefore rely

on an individual-level panel dataset. Specifically, we regress changes in the interest rate

value against the risk level of the previous month:

Δ𝐼𝑛𝑡𝑒𝑟𝑠𝑡𝑖,𝑡 = 𝛽 ⋅ PD𝑡−1 + 𝛾 ⋅ 𝑋𝑖,𝑡 + 𝛼𝑖 + 𝜀𝑖,𝑡 (2)

where PD𝑡−1 is the average of the daily PD rate in the previous month, 𝑋𝑖,𝑡 includes indi-

vidual time varying variables, and 𝛼𝑖 is the individual fixed effect.

Similarly, we first focus on the extensivemargin of interest rate adjustment. In columns

(I)–(III) of Table 8, the dependent variable is an indicator for whether the interest rate

changes in a givenmonth. Higher aggregate risk is associatedwith less frequent repricing.

The effect is persistent when conditioning on time varying shop controls and the current

credit profile.

Then we use the monthly change in the interest rate (in percentage points) as the de-

pendent variable to analyze the magnitude of adjustments. As shown in columns IV and

V in Table 8, higher aggregate risk is associated with an increase in the net rate change.
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However, we condition on the state variable of credit profile, the interest rate, and LoC of

individual, the effect is reversed. It reveals a counter-cyclical intent of the AI algorithm.

By isolating the algorithm’s marginal response to an aggregate risk signal, the negative

coefficient −0.140 suggests that for any given borrower profile, an increase in portfolio

risk triggers an intentional downward adjustment in rates.

Table 8: Interest rate adjustments for individual borrowers relative to past PD

Dependent variable: Is rate changed (0/1) Δ Interest Rate (ppt)
(I) (II) (III) (IV) (V) (VI)

PD, previous month (ppt) −0.021∗∗∗ −0.016∗∗∗ −0.007∗∗∗ 0.176∗∗∗ 0.172∗∗∗ −0.140∗∗∗

(0.000) (0.000) (0.000) (0.002) (0.002) (0.002)
Log LoC (value), prev. month 0.004∗∗∗ −0.063∗∗∗

(0.000) (0.001)
Interest rate (ppt), prev. month 0.007∗∗∗ −0.230∗∗∗

(0.000) (0.000)
Shop controls N Y Y N Y Y
Individual FE Y Y Y Y Y Y
𝑅2 0.105 0.111 0.113 0.062 0.072 0.173
No. observations 3,382,776 2,932,390 2,932,390 3,382,776 2,932,390 2,932,390

Note: Standard errors, reported in parentheses, are clustered at the individual borrower level. Shop
controls include the log sales value (RMB) and log sales orders. ∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05.

To provide a more granular understanding of interest rate adjustment, we conduct

separate analyses for samples experiencing rate increases and decreases. Columns (I)–

(II) of Table 9 show that when rates increase, the magnitude of the increase is smaller

when aggregate risk level is higher. Further, when rates decrease, the magnitude of the

change is also smaller (in absolute value) in higher-risk months (Columns (IV)–(V)).

Taken together, these results suggest that, conditional on repricing of interest rates, the AI

system adjusts the interest rates more cautiously when aggregate risk is elevated.

4.3 Algorithmic Bias in Credit Adjustment

A key concern with using algorithms in lending is whether they introduce bias based on

personal characteristics. Since the adjustments documented above are made by the AI
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Table 9: Interest rate adjustments are more conservative when risk is high

Dependent variable: Δ Interest Rate (ppt)
Sample When interest increases When interest decreases

(I) (II) (III) (IV) (V) (VI)

PD, previous month (ppt) −0.907∗∗∗ −0.975∗∗∗ −0.372∗∗∗ 1.132∗∗∗ 1.187∗∗∗ −0.306∗∗∗

(0.030) (0.034) (0.028) (0.018) (0.020) (0.020)
Log LoC (value), prev. month −0.140∗∗∗ −0.096∗∗∗

(0.013) (0.010)
Interest rate (ppt), prev. month −0.568∗∗∗ −0.513∗∗∗

(0.008) (0.004)
Shop controls N Y Y N Y Y
Individual FE Y Y Y Y Y Y
𝑅2 0.860 0.875 0.921 0.810 0.820 0.869
No. observations 101,367 85,084 85,084 194,965 173,144 173,144

Note: Standard errors, reported in parentheses, are clustered at the individual borrower level. Shop
controls include the log sales value (RMB) and log sales orders. ∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05.

system without human intervention, we examine whether the system treats borrowers

differently based on gender, education, and age.

In Table 10, we check the difference in credit adjustment formale and female borrowers.

Neither the adjustment in LoC amount nor the percentage rate shows any bias toward

female borrowers. However, themale borrowers experience amore significant adjustment

to the PD change.

Table 11 shows that the response to different education groups is not linear. While it is

decreasing from the junior college group, college, to graduate degree group, the algorithm

did not produce biased results for individuals with the lowest educational group (high

school or below).

In Table 12 we report the results against age groups. It shows that credit line adjust-

ments are not biased against younger borrowers (aged 25 and under), with the largest

adjustment in LoC for the eldest age group.

26



Table 10: Credit adjustment and gender

Dependent variable: Change in credit line
Amount Percentage

(I) Male (II) Female (III) Male (IV) Female

PD, prev. month avg. (ppt) −1, 167.5∗∗∗ −1, 082.2∗∗∗ −8.588∗∗∗ −8.344∗∗∗

(16.4) (14.5) (0.143) (0.133)
Sales (amount) −0.000 −0.001∗∗∗ −0.000 −0.000∗∗

(0.000) (0.000) (0.000) (0.000)
Sales (orders) 0.771∗∗∗ 0.780∗∗∗ 0.003∗∗∗ 0.003∗∗∗

(0.034) (0.035) (0.000) (0.000)
LoC (amount) 0.174∗∗∗ 0.181∗∗∗ 0.001∗∗∗ 0.001∗∗∗

(0.000) (0.000) (0.000) (0.000)
Individual FE Y Y Y Y
𝑅2 0.163 0.164 0.104 0.107
No. observations 1,460,624 1,471,766 1,444,291 1,457,229

Note: ∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05.

Table 11: Credit adjustment for individual borrowers relative to past PD by education

Dependent variable: Change in credit line (amount)
High school Junior college College Graduate
or below Degree

PD, prev. month avg. (ppt) −1, 121.3∗∗∗ −1, 690.1∗∗∗ −1, 206.4∗∗∗ −607.4∗

(11.0) (157.3) (125.5) (261.4)
Sales (amount) −0.000∗∗ 0.001 −0.000 −0.001∗

(0.000) (0.001) (0.001) (0.001)
Sales (orders) 0.778∗∗∗ 0.553+ 0.804∗∗ 0.392

(0.024) (0.302) (0.309) (0.402)
LoC (amount) 0.178∗∗∗ 0.149∗∗∗ 0.156∗∗∗ 0.152∗∗∗

(0.000) (0.003) (0.002) (0.006)
Individual FE Y Y Y Y
𝑅2 0.164 0.167 0.170 0.158
No. observations 2,864,142 24,315 36,470 7,463

Note: ∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05, + 𝑝 < 0.1.
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Table 12: Credit adjustment for individual borrowers relative to past PD by age group

Dependent variable: Change in credit line (value, RMB)
Age ≤25 26–35 36–45 46–55 >55

PD, prev. month avg. (ppt) −154.5∗ −1, 031.5∗∗∗ −954.0∗∗∗ −1, 017.9∗∗∗ −1, 087.7∗∗∗

(76.9) (22.3) (18.5) (18.8) (42.8)
Sales (amount) 0.00 −0.00 −0.00 −0.00 0.00

(0.00) (0.00) (0.00) (0.00) (0.00)
Sales (orders) 0.01 0.95∗∗∗ 0.84∗∗∗ 0.60∗∗∗ 1.19∗∗∗

(0.18) (0.05) (0.04) (0.04) (0.12)
LoC (amount) 0.18∗∗∗ 0.14∗∗∗ 0.14∗∗∗ 0.16∗∗∗ 0.18∗∗∗

(0.00) (0.00) (0.00) (0.00) (0.00)
Individual FE Y Y Y Y Y
𝑅2 0.226 0.148 0.143 0.149 0.160
No. observations 43,494 872,372 1,053,586 808,265 154,673

Note: ∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05.
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5 The Limits of AI: Platform Participation and Incentives

to Repay

The dynamic adjustments documented in the previous section describe one half of the

platform’s credit technology: the lender’s ability to re-price and re-size exposures in real

time. This is what AI does well: it addresses the lender’s information problem. Yet, even

the most accurate prediction and the most responsive limit-setting cannot prevent default

on loans already outstanding, and these loans are entirely uncollateralised. AI can predict

who is likely to default, but it cannot by itself make a borrower repay. Why did borrow-

ers not choose to strategically default on their loans? In this section, we propose and test

the hypothesis that borrowers repay because default would sever their access to the plat-

form’s commercial ecosystem. The value of platform participation thus serves as implicit

collateral, sustaining repayment incentives in the absence of conventional collateral.

Testing this hypothesis requires data on both credit outcomes and the borrower’s stake

in the platform’s ecosystem. We therefore focus on online SME borrowers who operate e-

commerce shops on an associated platform, as they are the set of borrowers for whom

platform participation is directly observable and economically meaningful.

5.1 Conceptual Framework

To motivate our empirical strategy, we develop a simple framework for a platform bor-

rower’s default decision. Consider a borrower with an outstanding loan obligation 𝐿 who

earns platform revenue 𝑅 in the current period. The borrower chooses between repay-

ment and default. If the borrower repays, she retains access to the platform and receives a

discounted continuation value 𝛿𝑉, where 𝑉 represents the expected future surplus from

platform participation. If the borrower defaults, she keeps current-period cash flow but is
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excluded from the platform ecosystem, forfeiting 𝑉. The borrower’s payoffs are:

Repay: 𝑅 − 𝐿 + 𝛿𝑉

Default: 𝑅

The borrower defaults if and only if 𝛿𝑉 < 𝐿. That is, default occurs when the discounted

value of continued platform access falls below the loan obligation. The key insight is that

the default decision depends on the platform continuation value 𝑉, not merely on current

cash flow 𝑅.

We decompose the continuation value as 𝑉 = 𝑉0 + 𝛼𝑆, where 𝑉0 is the baseline value

of platform access and 𝑆 represents the borrower’s accumulated platform-specific invest-

ments, such as pay-for-performance (P4P) advertising expenditures, reputation capital

(seller star ratings), and customer relationships built within the platform. These invest-

ments are sunk and non-transferable: they have value onlywithin the platform ecosystem,

and a borrower who defaults and is excluded from the platform loses the entire return

on them. Higher platform revenue 𝑅 can therefore reduce default through two distinct

channels: an income channel, by relaxing the current-period cash-flow constraint, and an

incentive channel, by strengthening the borrower’s stake in preserving 𝑉. Because the two

channels are observationally equivalent under a single correlation of 𝑅 with default, we

need a research design that induces variation in 𝑅 independent of 𝑆 (Prediction 1), and

tests for differential responses across borrowers with different 𝑆 (Predictions 2–3).

This framework generates three testable predictions:

1. Platform dependency reduces default: Higher platform revenue 𝑅 is associated with

greater platform engagement and a higher continuation value 𝑉, reducing the like-

lihood of default. This prediction is consistent with either channel.

2. Platform-specific investment amplifies the effect (incentive channel): The effect of plat-

form revenue on default should be stronger for borrowers with larger platform-
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specific sunk costs 𝑆, since these borrowers have a higher continuation value 𝑉 and

thus more to lose from exclusion. Formally, 𝜕2 Pr(Default)/𝜕𝑅 𝜕𝑆 < 0.

3. No amplification under pure income channel: If the sales–default link operates solely

through cash flow (ability to pay), then the effect should not vary with platform-

specific investment 𝑆, since cash-flow relief from higher revenue does not depend

on the borrower’s sunk costs.

We test Prediction 1 by instrumenting shop revenue with a platform-specific certifica-

tion (the Gold Seller label); Predictions 2 and 3 are then tested via heterogeneity in the

response by P4P advertising and seller-star rating, our two proxies for platform-specific

investment.

5.2 Data and Sample

We start with a random sample of 499,100 borrowers with at least one loan originated be-

tween January 1, 2018, andMarch 31, 2021, and construct a borrower-month panel running

from each loan’s disbursement month to its end month (settlement if repaid, delinquency

if defaulted, orMarch 2021 if still outstanding). The default dummy equals 1 in themonth

any of the borrower’s loans transitions into default, and 0 otherwise; for borrowers with

multiple outstanding loans, we count active loans and sum amounts and balances. The

panel has 6.5 million borrower-months, with a median of 12 active months per borrower.

We link these records to borrower information from the platform lender and shop-

operation data from the e-commerce platform, the latter covering roughly two-thirds of

borrower-months, since some online sellers are not actively operating their shops on the

platform in every month, or have exited the platform altogether. After dropping obser-

vations missing any control, the analysis sample contains 2,299,015 borrower-months on

367,173 borrowers, with a monthly default-event rate of 0.2 pp.

Table 13 reports the summary statistics for our analysis sample. On a typical borrower-
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Table 13: Descriptive statistics at borrower-month level

Variable Mean P25 Median P75 Std. Dev. N

Loan information
Default dummy (0/1) 0.002 0.000 0.000 0.000 0.046 2,299,015
Default amount share (%) 0.21 0.00 0.00 0.00 4.58 2,299,015
Loan amount (yuan) 78,710 12,000 33,000 87,000 122,728 2,299,015
# of Loans 3.67 1.00 2.00 4.00 4.56 2,299,015
Outstanding balance (yuan) 3,235 0 0 0 20,129 2,299,015
Interest Rate (%) 14.76 13.87 14.96 15.81 2.22 2,299,015

Shop information
Sales (yuan) 59,726 3,024 12,848 47,439 139,440 2,298,986
# of Buyers 354 16.0 66.0 261 866 2,266,116
Gold seller dummy (0/1) 0.163 0.000 0.000 0.000 0.369 2,299,015

Gold seller (lag 1) 0.17 0.00 0.00 0.00 0.37 1,040,374
Gold seller (lag 2) 0.17 0.00 0.00 0.00 0.38 936,512

Deposit amount (yuan) 1,065 0 1,000 1,001 1,502 2,299,015
Shop open years 6.08 3.80 5.72 8.10 3.02 2,299,015
Shop rating (0 to 1) 0.989 0.986 0.993 0.997 0.017 2,299,015
Customer service online time (hour) 10.4 4.18 7.79 12.0 10.8 2,298,971
P4P participant (0/1) 0.827 1.000 1.000 1.000 0.378 2,299,015

Borrower Characteristics
Age 35.7 29.0 33.0 39.0 9.79 367,173
Years used digital payment 7.19 5.00 7.00 9.00 3.04 367,173
Is property owner 0.908 1.000 1.000 1.000 0.289 367,173
Is car owner 0.586 0.000 1.000 1.000 0.493 367,173

Note: Borrower-month statistics on the analysis sample (367,173 unique borrowers, 2018–2021). To mit-
igate the influence of a small number of extreme observations on the mean and standard deviation, the
right-skewed continuous variables (sales, number of buyers, loan amount, number of loans, customer
service online time, and deposit) are winsorized at the 99th percentile. Percentiles are unaffected by the
winsorization because the cap equals the 99th percentile itself.

month, the average loan size is RMB 78,710, the interest rate is 14.76%, and a borrower

holds 3.7 active loans with an average outstanding balance of RMB 3,235. The monthly

default event rate is 0.2%, and the corresponding share of outstanding balance in default

is 0.21%; across the full sample of completed loans, the ever-default rate is 2.05%. At the

shop level, the average monthly sales revenue is RMB 59,726 from 354 buyers, and the

seller is active on the platform’s customer-service software for 10.4 hours per month on

average. Shops in the sample have operated on the platform for a median of 5.7 years,

with an average customer-service rating of 0.989. To limit the influence of a small num-
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ber of extreme observations, the right-skewed continuous variables (sales, buyers, loan

amount, number of loans, customer-service time, and deposit) are winsorized at the 99th

percentile.

Platform-specific investments are widespread: about 82.7% of borrower-months fea-

ture active participation in the platform’s pay-for-performance (P4P) advertisingprogram,

giving us variation in platform-specific capital with which to test the incentive channel in

Section 5.6. Because the platform and the lender are tightly linked, default carries not

only the direct financial consequences but also exclusion from the ecosystem that hosts

the borrower’s operations, reputation, and advertising investments. This setting enables

us to measure the degree of ecosystem dependence and assess its causal role in default

risk in AI-based platform lending.

5.3 Identification: The Gold Seller Instrument

We proxy a borrower’s platform dependence by shop-level revenue. The empirical chal-

lenge is endogeneity: successful sellers have both higher sales and characteristics, such

as better product quality, stronger management, and deeper customer relationships, that

independently affect default. We address this by instrumenting sales with a platform-

specific certification, the “Gold Seller” label, whose assignment is governed by an algo-

rithm internal to the e-commerce platform and is not observed by the lender at credit-

setting time.

The Gold Seller label is a monthly qualification granted by the e-commerce platform to

selected sellers in each product category, based on shop operations (sales rank, operating

length, number of orders, customer visits) and service quality (customer ratings, service

ratings, dispute incidence). Certified sellers receive a visible badge on their shop and

product pages that raises consumer trust and, mechanically, lifts sales in the current and

following one to two months.

Although higher-revenue sellers are more likely to be certified, the label is available
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Figure 11: Identification Strategy: Gold Seller as Instrumental Variable

E-commerce
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Note: The e-commerce platform certifies Gold Sellers monthly based on transaction volume and service
quality. Gold Seller status boosts traffic and sales (first stage). The fintech lender provides payment services
to the platform but does not have access to Gold Seller certification data, ruling out a direct channel through
loan terms (exclusion restriction).

to sellers at every part of the sales distribution: the certification rate rises roughly mono-

tonically from 5.2% in the bottom sales quintile to 93.0% at the top, but exceeds zero in

every quintile.4 In any given month, 16.3% of sellers are certified, and 52% of sellers in

our sample receive the label at least once over 2018–2021.

Relevance is immediate: certification produces a sharp, short-lived increase in sales.

The identifying assumption is exogeneity, namely that Gold Seller status affects default

only through its effect on sales, and we argue it from two institutional features.

(a) Organizational separation. The Gold Seller algorithm is operated by the e-commerce

arm and uses only shop-operation and customer-service inputs, none of which enter

the platform lender’s credit-scoring model.
4The certification rates across the five sales quintiles (lowest to highest) over the full sample period are

5.2%, 27.3%, 57.7%, 79.8%, and 93.0%.
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(b) Timing separation. The certificate is issued on the first day of eachmonth and is not fed

into the lender’s real-time credit-adjustment system as an input to admission, line

size, or interest-rate decisions. The lender therefore cannot condition credit terms

on Gold Seller status, a falsification we verify directly in the next subsection.

Together, these two features rule out the most natural direct channel, namely lender

response to certification, through which the instrument could otherwise affect default.

We estimate the causal effect of platform dependence on default by two-stage least

squares. The first stage instruments log revenue with the Gold Seller dummy and up to

two of its monthly lags:

𝑌𝑖,𝑡 =
𝐾

∑
𝑘=0

𝛿𝑘 ⋅ GoldSeller𝑖,𝑡−𝑘 + 𝛾1 ⋅ 𝐿𝑖,𝑡 + 𝛾2 ⋅ 𝑆𝑖,𝑡 + 𝛼𝑗 + 𝜇𝑐𝑡 + 𝜀𝑖,𝑡, (3)

where 𝐿𝑖,𝑡 collects loan-level controls (loan amount, number of loans, outstanding balance,

interest rate), 𝑆𝑖,𝑡 collects shop- and borrower-level controls, 𝛼𝑗 is industry fixed effect,

and 𝜇𝑐𝑡 is city-by-month fixed effect. We report estimates using 𝐾 = 0, 1, 2 to trace the

sensitivity of the results to instrument count; the just-identified 𝐾 = 0 specification has

the strongest first stage, while the over-identified 𝐾 = 1, 2 specifications admit a Sargan

check of joint instrument validity.

The second stage uses the first-stage fitted values to identify the causal effect on default:

Default𝑖,𝑡 = 𝛽 ⋅ 𝑌̂𝑖,𝑡 + 𝛾1 ⋅ 𝐿𝑖,𝑡 + 𝛾2 ⋅ 𝑆𝑖,𝑡 + 𝛼𝑗 + 𝜇𝑐𝑡 + 𝜀𝑖,𝑡. (4)

Standard errors are clustered at the borrower level. We also report the corresponding OLS

specification for comparison:

Default𝑖,𝑡 = 𝛾0 + 𝛾1𝑌𝑖,𝑡 + 𝛾2GoldSeller𝑖,𝑡 + 𝛾3𝐿𝑖,𝑡 + 𝛾4𝑆𝑖,𝑡 + 𝛼𝑗 + 𝜇𝑐𝑡 + 𝑢𝑖,𝑡. (5)
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5.4 Platform Dependency and Default: Baseline IV Estimates

Table 14 reports the main IV estimates. Columns (1)–(3) use a monthly default dummy

(scaled to 0–100) as the outcome; columns (4)–(6) use the share of outstanding balance

in default (also in percent). Within each outcome, the three columns progressively add

Gold Seller lags to the instrument set: column 1 uses only the current-month dummy

(just-identified); columns 2 and 3 add the one- and two-month lags (over-identified). The

coefficient of interest in Panel B is log sales, our proxy for platform dependency.

First stage. Panel A shows that Gold Seller certification has a sharp, quantitatively large,

and highly significant effect on log sales. In the just-identified specification (column 1),

receiving the certificate is associated with a 2.13 log-point increase in current-month sales.

Thefirst-stage𝐹-statistic exceeds 480,000, ruling out anyweak-instrument concern. Adding

the one- and two-month lags preserves the significance of the current-month instrument

(coefficients 1.37–1.55) and produces individually significant lagged effects of compara-

ble magnitude (0.65–1.07), confirming that the sales boost from certification persists for

two to three months before decaying.

Baseline 2SLS. Panel B shows that platform dependency causally reduces default. In

the headline specification (column 1), a one-log-unit increase in instrumented sales re-

duces the monthly probability of default by 0.068 pp (𝑆𝐸 = 0.003). The estimate is virtu-

ally unchanged when we add the first lag (−0.064∗∗∗, column 2) and slightly larger when

both lags are added (−0.075∗∗∗, column 3). Using the default amount share as the out-

come yields an equally robust picture (columns 4–6): log sales enters with a coefficient of

−0.049∗∗∗ to −0.059∗∗∗, roughly four-fifths of the default-dummy estimate.

Panel C reports the corresponding OLS estimates. The OLS coefficients on log sales

(−0.057 to −0.068) are smaller in absolute magnitude than the 2SLS estimates across ev-

ery column and outcome, with the Wu-Hausman test rejecting exogeneity of log sales in
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the just-identified specification (𝑝 = 0.017). This pattern, 2SLS larger than OLS, is consis-

tent with the IV identifying a local average treatment effect among platform-dependent

compliers for whom the sales–default link is strongest, rather than a bias from omitted

seller quality, which would push in the opposite direction; selection of this kind is known

to shape estimated credit-market relationships more broadly (Yannelis and Zhang, 2023).

The direct OLS association between Gold Seller status and default (after conditioning on

log sales) is a small −0.023∗∗ (column 1), further evidence that the Gold Seller–default

association is mediated almost entirely through sales.

Economic Significance. A 10% increase in instrumented sales lowers monthly default

by 0.0068 pp (95% CI [−0.0074, −0.0062]). The relevant baseline is Against the baseline

of the complier default rate 0.25 pp (Appendix C), a 10% sales increase delivers a 2.7%

(2.5–3.0%) relative reduction in default. The first-stage coefficient of 2.13 log points is

essentially one standard deviation of log sales (𝜎 = 2.21), so a per-certification and a

per-SD exercise coincide; the former is the policy-implementable unit.

Lifetime magnitude. The lifetime effect comes directly from the loan-level IV in Ap-

pendix C.3. Multiplying the monthly coefficient by the loan’s maturity would misstate it:

cumulative default is 1 − (1 − 𝑝)𝑇, and the event study shows the first stage decays within

two to three months. Ever being Gold Seller during the loan’s life lowers lifetime default

by 0.33 pp, or 15% of the 2.20% baseline. A platform-wide 10% sales increase lowers it by

0.047 pp, or 2.1% of baseline.

Translation into expected loss. The loss given default is 60% (Section 3.3). Combined

with a lifetimedefault probability of 2.20% from the loan-level sample (AppendixC.3), the

baseline expected loss on themean loan of RMB 40,117 is RMB 530. A Gold Seller certifica-

tion lowers this by RMB 80; a platform-wide 10% sales increase lowers it by RMB 11. The

default-amount share yields a coefficient about four-fifths as large as the default dummy,

so the RMB magnitudes are not driven by a drop in small-balance delinquencies alone.
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Table 14: Platform dependency reduces default

Default dummy (×100) Default amount share (%)
(1) (2) (3) (4) (5) (6)

Panel A: First Stage for Log (Sales)
Gold seller dummy (0/1) 2.133∗∗∗ 1.550∗∗∗ 1.365∗∗∗ 2.133∗∗∗ 1.550∗∗∗ 1.365∗∗∗

(0.005) (0.005) (0.007) (0.005) (0.005) (0.007)
Gold seller (lag 1) 1.072∗∗∗ 0.829∗∗∗ 1.072∗∗∗ 0.829∗∗∗

(0.005) (0.006) (0.005) (0.006)
Gold seller (lag 2) 0.645∗∗∗ 0.645∗∗∗

(0.007) (0.007)
F-Statistic 487,898 134,401 42,759 487,898 134,401 42,759
Adjust 𝑅2 0.400 0.432 0.450 0.400 0.432 0.450
Sargan 𝑝-value — 0.021 0.060 — 0.009 0.098
Wu-Hausman 𝑝-value 0.017 0.342 0.493 0.101 0.683 0.520

Panel B: Two-Stage Least Squares
Log (sales) −0.068∗∗∗ −0.064∗∗∗ −0.075∗∗∗ −0.053∗∗∗ −0.049∗∗∗ −0.059∗∗∗

(0.003) (0.005) (0.008) (0.003) (0.004) (0.006)
Log (loan amount) 0.007∗ −0.001 −0.002 0.002 −0.006 −0.008

(0.003) (0.004) (0.007) (0.002) (0.004) (0.006)
Number of loans 0.015∗∗∗ 0.014∗∗∗ 0.013∗∗∗ 0.009∗∗∗ 0.008∗∗∗ 0.008∗∗∗

(0.001) (0.001) (0.002) (0.001) (0.001) (0.002)
Shop open years −0.005∗∗ −0.004 −0.006 −0.004∗ −0.004 −0.005

(0.002) (0.003) (0.004) (0.002) (0.002) (0.004)

Panel C: Ordinary Least Squares
Log (sales) −0.057∗∗∗ −0.058∗∗∗ −0.068∗∗∗ −0.046∗∗∗ −0.046∗∗∗ −0.053∗∗∗

(0.002) (0.004) (0.006) (0.002) (0.003) (0.005)
Gold seller dummy (0/1) −0.023∗∗ −0.040∗∗∗ −0.051∗∗ −0.014∗ −0.034∗∗ −0.042∗

(0.008) (0.012) (0.019) (0.006) (0.011) (0.017)
Gold seller (lag 1) 0.027∗ −0.009 0.031∗∗ −0.005

(0.013) (0.019) (0.012) (0.017)
Gold seller (lag 2) 0.049∗ 0.038∗

(0.021) (0.018)

Loan Controls YES YES YES YES YES YES
Shop and Borrower Controls YES YES YES YES YES YES
Industry FE YES YES YES YES YES YES
City-Month FE YES YES YES YES YES YES
Observations 2,266,337 1,025,290 462,275 2,266,337 1,025,290 462,275

Note: 2SLS and OLS regressions on the borrower-month panel. Outcome in cols (1)-(3) is the default
dummy multiplied by 100; in cols (4)-(6) it is the share of the borrower’s total outstanding balance
that is in default (in %). Columns vary in the number of Gold Seller instruments used. Standard
errors clustered at the borrower level. ∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05, + 𝑝 < 0.10.
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Instrument diagnostics. The lower panel of Table 14 reports standard IV diagnostics.

The Wu-Hausman test rejects exogeneity of log sales for the just-identified specification

(𝑝 = 0.017 for the default dummy) but is less powered in the over-identified columns. For

the over-identified specifications, the Sargan test does not reject joint instrument validity

at conventional levels in column 3 (𝑝 = 0.060); the borderline rejection in column 2 (𝑝 =

0.021) reflects the inclusion of a single lag that partially picks up anticipation effects, and

motivates reporting column 1 as the headline estimate.

Robustness and extensions (appendix). Three additional exercises in Appendix C sup-

port the baseline estimate. First, Table A8 substitutes three-month cumulative sales for

the one-month measure and yields qualitatively identical conclusions, ruling out a short-

horizon artefact. Second, an Abadie (2003) 𝜅-weighted complier profile shows that the

IV-LATE applies to a marginal, platform-dependent, higher-risk subgroup: the complier

share is 𝜋̂𝑐 = 0.54, and compliers have 10% lower sales, 16% fewer buyers, and a 24%

higher baseline default rate than the full sample, exactly the sellers forwhom the platform-

incentive channel would be expected to bind most strongly. Third, re-estimating at the

loan level, with each observation one completed loan and the instrument the fraction of

loan-life months duringwhich the borrowerwas a Gold Seller, preserves the direction and

significance of the effect and shows that it is concentrated among loans of longer life and

among P4P participants.

5.5 Validating the Instrument

The exclusion restriction identified in Section 5 rests on the claim that Gold Seller status

affects default only through sales. We test it directly along three fronts: the dynamics of

the first stage and reduced form, a falsification on the lender-set loan terms, and a set of

auxiliary exclusion checks reported in the appendix.
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Event-study dynamics. Figure 12 reports a Sun–Abraham (2021) event study around

each seller’s first Gold Seller certification, using a common pool of never-treated controls.

Panel (a) (first stage) shows that log sales jumps sharply at 𝑘 = 0 and decays over the

following two to three months, precisely the dynamic we need the instrument to have.

Panel (b) (reduced form) shows a mirror-image contemporaneous decrease in default at

𝑘 = 0 and 𝑘 = +1, whose magnitude scales to the first-stage bite. The coefficient path

before 𝑘 = 0 is flat in both panels, supporting the identifying assumption that sellers

are not on a pre-trend at the moment of certification. Appendix C reports cohort-specific

versions of this event study (for sellers first certified in 2018, 2019, and 2020) and a horizon-

by-horizon Wald-IV ratio that is stable around 𝑘 = 0 and becomes unstable only after

the first stage has decayed, both consistent with the exclusion restriction holding at the

contemporaneous horizon that drives the main estimate.

Figure 12: Event study around the first Gold Seller certification
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(a) First stage: log(sales)
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(b) Reduced form: default (pp)

Note: Sun–Abraham (2021) interaction-weighted event-study coefficients around each seller’s first
Gold Seller certification. Estimation uses borrower (short_id) and city×month fixed effects. Bars
show 95% confidence intervals based on standard errors clustered at the borrower level. Baseline
period 𝑘 = −1 is omitted by construction. Cohort-specific event studies and the horizon-by-horizon
Wald-IV ratio are reported in Appendix C.

40



Falsification on lender-set loan terms. The identification argument relies on the timing

separation between the e-commerce platform (which issues Gold Seller certifications on

day 1 of eachmonth) and the platform lender (which does not observe these certifications

when setting credit terms). If this assumption holds, Gold Seller status should not predict

within-borrower changes in the lender-set credit line or interest rate. Table 15 reports the

test: within borrowers, changes in the log credit line and interest rate, both in the month

of certification and one month ahead, are statistically indistinguishable from zero (point

estimates −0.004 and −0.009 for log credit line, 0.007 and −0.002 in percentage points for

interest rate). This direct falsification rules out the most natural threat to the exclusion

restriction: that the lender adjusts loan terms in response to observed certifications and

that those adjustments affect default.

Table 15: Falsification: Gold Seller on lender-set credit line and interest rate

Log(credit line) Interest rate (pp)
(1) (2) (3) (4) (5) (6)

Level Δ this mo. Δ next mo. Level Δ this mo. Δ next mo.

Gold seller dummy −0.102∗ −0.004 −0.009 0.045 0.007 −0.002
(0.040) (0.020) (0.021) (0.070) (0.016) (0.015)

Controls YES YES YES YES YES YES
Industry + City-Month FE YES YES YES YES YES YES
Observations 47,013 28,712 29,331 47,013 28,712 29,331

Note: Test whether Gold Seller status predicts lender-set terms. Interest rate is expressed in percent-
age points. Δ this month is 𝑥𝑖,𝑡 − 𝑥𝑖,𝑡−1; Δ next month is 𝑥𝑖,𝑡+1 − 𝑥𝑖,𝑡, testing whether the lender re-
sponds to current-monthGold Seller status by adjusting next-month terms. Controls: loan amount
and count, shop tenure, online time, good-rate, bail amount, borrower demographics (age, digi-
tal age, education, car/house ownership). Standard errors clustered at the borrower level. ∗∗∗

𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05, + 𝑝 < 0.10.

Auxiliary exclusion checks. Two additional tests reported in Appendix C reinforce the

validity argument. The first asks whether sales actually absorbs the Gold Seller–default

association, as the exclusion restriction requires: if Gold Seller affects default only through

sales, the reduced-form coefficient should shrink toward zero once log sales is controlled
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for. Table A9 confirms this: the Gold Seller coefficient is −0.172∗∗∗ with only fixed ef-

fects, shrinks to −0.145∗∗∗ after adding loan and shop controls, and collapses to −0.023∗∗

once log sales is added—an 84% attenuation, with no further meaningful reduction from

log buyers or log orders.

The second test addresses the concern thatGold Seller status proxies for a time-invariant

quality channel rather than the contemporaneous sales mechanism. If quality drives the

result, future Gold Seller status should predict current default even after controlling for

current sales. TableA10 reports the lead-placebo: the one-month-aheadGold Seller dummy

enters negatively on its own (−0.097∗∗∗) but attenuates by roughly 40% once log sales is

controlled for, with the remaining residual reflecting the seller-improvement trajectory

visible in the pre-event portion of the event study rather than a time-invariant quality

channel.

We also verify that the platform-dependency measure itself is not driving the result.

Table A6 in Appendix C replaces log sales with log number of buyers, which is the chan-

nel through which the Gold Seller badge mechanically operates (higher visibility → more

visits → more purchases). The 2SLS coefficients on log buyers are of the same sign and

comparable magnitude (−0.082 to −0.096 on the default dummy), indicating that the ef-

fect is driven by platform engagement rather than by the particular choice of sales as the

proxy.

5.6 Mechanisms: Income Channel vs. Platform Incentives

Having established that platform dependence causally reduces default, we now ask why.

Two complementary channels can generate this relationship. The income channel posits

that higher sales simply relax the current-period cash-flow constraint, improving ability

to repay.5 The incentive channel, following our framework in Section 5, posits that sell-
5Consistent with this margin, Dobbie and Skiba (2013) find that larger payday loans reduce borrower

default.
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ers with greater platform-specific capital 𝑆 have higher continuation value 𝑉 = 𝑉0 + 𝛼𝑆

and therefore stronger willingness to repay to avoid exclusion. Predictions 2 and 3 of the

framework discipline these channels against the data: if the incentive channel is opera-

tive, the estimated effect of sales on default should be stronger for borrowers with larger

platform-specific investments; if only the income channel operates, no such differential

should appear.

Table 16 tests these predictions. Panel A splits the sample by two proxies for platform-

specific investment. Panel B then runs a cash-flow control test that disciplines the income

channel directly.

Platform-specific investment amplifies the effect. The first row of Panel A splits the

sample by participation in the platform’s pay-for-performance (P4P) advertising program,

which requires the seller tomake a direct monetary commitment to platform-specificmar-

keting. Among non-P4P sellers, the 2SLS estimate is −0.036∗∗∗; among P4P participants, it

is −0.074∗∗∗, roughly twice as large. The second row splits by the seller star rating system,

which reflects cumulative transaction volume and reputation accumulatedwithin the plat-

form. Here the contrast is even sharper: among sellers with only star or diamond ratings,

the coefficient is −0.018 and statistically indistinguishable from zero, while among crown-

rated or higher sellers it is −0.065∗∗∗. In other words, the sales–default link is concentrated

among sellers who have made substantial platform-specific investments, and essentially

absent among those who have not. This is exactly the pattern predicted by the incentive

channel (Prediction 2) and inconsistent with a pure income channel (Prediction 3 would

imply no amplification). Further heterogeneity by shop tenure and the owner’s digital

age (the owner’s tenure on the platform as a consumer, prior to opening a shop), proxies

for general business experience rather than platform-specific capital, is reported in Ap-

pendix C and shows no comparable amplification, supporting the interpretation that the

P4P and star-rating patterns are capturing platform-specific rather than generic borrower
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quality.

Cash flowonly partiallymediates the effect. Panel B adds log outstanding loan balance,

a proxy for current liquidity pressure, to the main IV specification. The 2SLS coefficient

on log sales drops from −0.064∗∗∗ (baseline) to −0.026∗∗∗, a 59% attenuation. Read at face

value, this suggests that liquidity accounts for roughly 59% of the sales–default relation-

ship and non-liquidity channels for the remaining 41%. We caveat that loan balance is

itself endogenous, so this partition is suggestive rather than definitive; the direction of the

implied non-cash-flow residual is nonetheless robustly consistent with the heterogeneity

evidence in Panel A.

Interpretation: the two channels are complementary, not substitutes. The model in

Section 5makes it clear that the two channels are not independent: because𝑉 = 𝑉0+𝛼𝑆 in-

creaseswith sales, a sellerwith high current revenue bothhas an easier cash-flow constraint

(income) and has more to lose from exclusion (incentive). The heterogeneity results iden-

tify the marginal difference in sensitivity across sellers with different 𝑆, and this marginal

difference is large: the effect is roughly twice as large for P4P sellers as for non-P4P sellers,

and effectively zero among sellers who have not accumulated platform-specific reputa-

tion. Combined with the partial cash-flow mediation in Panel B, the evidence points to

platform-specific capital as an important and distinct mechanism operating on top of the

income channel rather than in place of it.

Taken together, the heterogeneity and cash-flowevidence favors the platform-incentive

interpretation of our baseline result. The effect of sales on default is substantially stronger,

indeed only clearly present, for sellers whose platform-specific investments in advertising

and reputation make exclusion more costly. This finding is consistent with Prediction 2

of our framework and supports the hypothesis that the platform ecosystem itself acts as

an enforcement mechanism in unsecured lending, complementing the dynamic credit-

adjustment technology documented in Section 4.
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Table 16: Heterogeneity in Platform Dependency Effect: Income vs. Incentive Channels

Dep. var.: Default dummy (×100)

(1) (2)

Panel A: Platform Investment Proxies

P4P advertising Non-P4P P4P
Log (sales) −0.036∗∗∗ −0.074∗∗∗

(0.009) (0.006)
First-stage F-stats [15, 377] [114, 383]
𝑁 169,587 853,856

Seller star rating Stars/Diamonds Crowns+
Log (sales) −0.018 −0.065∗∗∗

(0.048) (0.005)
First-stage F-stats [204] [133, 295]
𝑁 4,978 1,019,721

Panel B: Cash Flow Control
Baseline + Loan Bal.

Log (sales) −0.064∗∗∗ −0.026∗∗∗

(0.005) (0.005)
Log (loan bal.) 0.387∗∗∗

(0.009)
First-stage F-stats [134, 401] [133, 836]
𝑁 1,025,290 1,025,290

Controls & FEs Yes

Note: 2SLS estimates of log(sales) on default (0–100)
using two instruments (current and one-month lag
Gold Seller) on the borrower-month panel. Panel A
splits by the italicized variable. Panel B adds log out-
standing balance as a cash-flow control. All use full
controls, industry FE, and city×month FE. First-stage
𝐹-stats in brackets. Clustered SEs at the borrower
level. Heterogeneity by shop tenure and platform dig-
ital age is reported in Appendix C (Table A18). ∗∗∗ 𝑝 <
0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05, + 𝑝 < 0.10.

6 Conclusion

Artificial intelligence continues to develop rapidly, and is aiding the emergence of new

credit intermediaries. AI-powered platform lenders are becoming increasingly important

as lenders to small businesses inChina, and similar businessmodels are being replicated in

a number of other countries around the world. Understanding the unique features of AI-

based platform credit and credit risk is thus important for researchers and policymakers.
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Using a unique, proprietary dataset from a Chinese platform lender, this paper has

shown important insights by which AI-powered lenders can mitigate credit risk and what

role they played during the Covid-19 shock. First, AI serves as a real-time risk manage-

ment tool: even for offline firms that do not depend as much on the value of the platform

ecosystem, the dynamic adjustment of credit limits and loan terms helped the AI-powered

lender to contain credit losses. Second, AI has a limit: prediction does not enforce repay-

ment. The reliance of online firms on the platform enticed them to repay to maintain the

value of platform participation. AI-powered lending is therefore most effective when al-

gorithmic risk management is integrated with platform access and activity.

Our findings contribute to the rapidly growing literature on AI in finance (Foucault

et al., 2025). As AI transforms credit markets from screening and origination to dynamic

risk management and enforcement, understanding how these algorithms interact with

platform ecosystems becomes increasingly important. Going forward, further research

will be needed to assess the quantitative importance of these mechanisms and the extent

to which they can be replicated by other lenders aside from large platform firms. It will

also be important to assess their importance for growing AI-powered platform activities

in other economies around the world.
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A Robustness for Section 3: Additional Specifications

This appendix reports four robustness exercises for the city-level regression in Section 3 (Table 2).

The first three address identification concerns—whether the estimated relationship is driven by

the Covid shock, by reverse causality, or by small-city outliers. The fourth replicates the analysis

using a stricter 90-day delinquency definition.

A.1 Alternative samples, timing, and weights

Table A1 reports three exercises side by side, with two columns per exercise that correspond to

specifications without and with GDP controls.

Excluding the Covid year (columns I–II). Restricting the sample to 2018–2019 drops 2020, the

year in which the Covid shock is most likely to drive both the platform’s probability of default and

real-economy defaults. With GDP controls (column II), the coefficient on defaulters is −0.034∗,

statistically significant at the 10% level and comparable in magnitude to the baseline estimate of

−0.027∗∗ in Table 2. The no-GDP column (column I) is similar in sign and magnitude but not

statistically significant, primarily reflecting the smaller sample. Dropping the shock year does not

overturn the negative relationship.

Lagged defaulters (columns III–IV). Replacing the contemporaneous defaulter rate with its one-

year lag yields an economically small and statistically insignificant coefficient in both columns,

in contrast with the significant negative contemporaneous coefficient in the baseline. When both

terms enter the regression jointly (with GDP controls and city fixed effects), the contemporaneous

coefficient is −0.036∗ and the lagged coefficient is effectively zero, confirming that the signal comes

from contemporaneous co-movement rather than from a lagged feedback loop. Because court

defaulter registration involves a substantial legal processing lag after an underlying default, this

contemporaneous structure is more consistent with joint exposure to local economic conditions

than with platform tightening causing subsequent court defaults.

Weighted by platform loan volume (columns V–VI). The baseline specification gives equal weight

to all cities regardless of how much platform lending they receive, which could bias the estimate

toward small cities with thin exposure. We therefore reweight each city-year observation by that

city’s averageweekly platform loan amount (total_amt) in 2019, drawn from our city-week dataset.
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The reweighted estimates are −0.030∗∗∗ (column V) and −0.021∗∗ (column VI): the negative re-

lationship strengthens in statistical significance, ruling out the concern that the baseline is driven

by noise in low-exposure cities.

Table A1: Section 2 robustness: alternative samples, timing, and weights

Dependent variable: probability of default, platform loans (30 days, percent)
Excluding Covid year Lagged defaulters Weighted by 2019 loans

(I) (II) (III) (IV) (V) (VI)

Defaulters (per thousand) −0.022 −0.034∗ −0.030∗∗∗ −0.021∗∗

(0.014) (0.018) (0.009) (0.010)
Defaulters (per thousand), 𝑡 − 1 −0.007 −0.009

(0.014) (0.014)
log GDP per capita −0.416 −1.334∗∗∗ −0.854∗∗∗

(0.308) (0.284) (0.200)
GDP growth rate −0.018 −0.005 −0.029∗∗∗

(0.023) (0.008) (0.007)
Year 2018 −0.962∗∗∗ −1.030∗∗∗ −0.900∗∗∗ −0.906∗∗∗

(0.033) (0.053) (0.027) (0.035)
Year 2020 0.605∗∗∗ 0.587∗∗∗ 0.736∗∗∗ 0.537∗∗∗

(0.032) (0.048) (0.024) (0.041)

City fixed effects Y Y Y Y Y Y
Adjusted 𝑅2 0.899 0.892 0.915 0.939 0.921 0.922
𝑁 538 360 538 376 813 592

Note: This table reports three robustness exercises for the city-level regression in Section 3 (Table 2). All
specifications include city fixed effects; standard errors in parentheses. Columns (I)–(II) drop 2020 to
check that the estimated relationship is not driven by the Covid shock. Columns (III)–(IV) replace the
contemporaneous defaulter rate with its one-year lag; the lagged term is not statistically significant, indi-
cating that the relationship is contemporaneous. When both the contemporaneous and lagged defaulter
rates enter the regression jointly (with GDP controls and city fixed effects), the contemporaneous coef-
ficient is −0.036∗ while the lagged coefficient is indistinguishable from zero, confirming that the signal
comes from contemporaneous co-movement. Columns (V)–(VI) weight each city-year observation by
that city’s average weekly platform loan amount in 2019 (total_amt), so the estimate reflects cities with
material platform exposure more heavily. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.1.

A.2 Alternative PD definition: 90-day delinquency

Following Section 3, we apply the same analysis on 90 days probability of default of AI-based

platform loans and report in Table A2. It shows the relationship between AI-based platform credit

risk and real-economy risk is consistent with the analysis of 30 days probability of default rate in
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Section 3.

Table A2: Fintech credit risk at the city level (90-day PD)

Dep. var.: probability of default (90 days, %)

(I) (II) (III) (IV) (V)

Defaulters (per thousand) 0.020∗∗ −0.011∗∗ −0.018∗ −0.013∗∗ −0.021∗

(0.006) (0.004) (0.009) (0.005) (0.010)
GDP per capita −0.125∗∗∗ −0.716∗∗∗

(0.037) (0.196)
GDP growth rate −0.010 −0.003

(0.007) (0.007)
Year 2018 −0.781∗∗∗ −0.786∗∗∗ −0.781∗∗∗ −0.862∗∗∗

(0.038) (0.026) (0.047) (0.037)
Year 2020 0.539∗∗∗ 0.541∗∗∗ 0.474∗∗∗ 0.522∗∗∗

(0.037) (0.020) (0.052) (0.038)
City fixed effects Y Y Y Y
Adj. 𝑅2 0.011 0.601 0.840 0.567 0.838
𝑁 818 818 818 655 655

Note: Dependent variable is 90-day probability of default (%). Columns (II)–(V) include
city FEs; year dummies use 2019 as reference. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.1.
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B Robustness for Section 4: Level Specifications

Tables A4 and A5 present additional specifications for the dynamic credit adjustment analysis,

using the level of LoC change (in RMB) instead of the IHS transformation. The qualitative patterns

are consistent with the main results.

Inference with few time periods and the timing of the PD signal. The regressor of in-

terest in Section 4, the previous month’s platform-wide PD, varies only across the months of the

panel. Standard errors clustered at the borrower level therefore overstate precision. Table A3 re-

estimates every column of Tables 6 to 9 on the sample of admitted borrower-months from May

2019 to December 2020, using the PD of the preceding calendar month, and reports standard er-

rors clustered by borrower, clustered by month, two-way clustered, and Driscoll-Kraay. Three

results survive inference at the month level: credit lines and interest rates are adjusted less often

when aggregate risk is higher; conditional on an expansion, credit lines expand bymorewhen risk

is higher; and conditional on the borrower’s credit profile, higher risk is associated with a lower

interest-rate change (column VI of Table 8) and with smaller unconditional rate increases and de-

creases (columns I, II, IV and V of Table 9). The net change in credit lines (IHS(ΔLoC), columns

IV to VI of Table 6) and the contraction-margin coefficients are not statistically distinguishable

from zero once the few-clusters problem is taken into account. A collapsed monthly time series

(20 observations) with Newey-West standard errors gives the same picture.
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Table A3: Dynamic credit adjustment: alternative standard errors for the coefficient on
lagged PD

(I) (II) (III) (IV) (V) (VI)

Table 4: Is LoC changed (I–III); IHS(ΔLoC) (IV–VI)
PD, previous month (ppt) −0.145∗∗ −0.154∗∗ −0.158∗∗ −0.197 −0.205 0.161

SE clustered by borrower (0.001) (0.001) (0.001) (0.006) (0.007) (0.008)
SE clustered by month [0.054] [0.056] [0.058] [0.536] [0.569] [0.630]
SE two-way borrower and month {0.052} {0.053} {0.055} {0.517} {0.547} {0.605}
SE Driscoll-Kraay ⟨0.051⟩ ⟨0.055⟩ ⟨0.057⟩ ⟨0.405⟩ ⟨0.401⟩ ⟨0.497⟩

No. observations 3,535,758 3,064,334 3,064,334 3,535,758 3,064,334 3,064,334
Table 5: IHS(ΔLoC) when LoC increases (I–III); decreases (IV–VI)
PD, previous month (ppt) 0.381∗∗ 0.380∗∗ 0.369∗∗ −0.340∗ −0.380∗ −0.307

SE clustered by borrower (0.003) (0.004) (0.004) (0.006) (0.007) (0.006)
SE clustered by month [0.159] [0.165] [0.154] [0.192] [0.186] [0.194]
SE two-way borrower and month {0.140} {0.145} {0.135} {0.153} {0.146} {0.153}
SE Driscoll-Kraay ⟨0.137⟩ ⟨0.141⟩ ⟨0.131⟩ ⟨0.194⟩ ⟨0.190⟩ ⟨0.201⟩

No. observations 705,305 632,302 632,302 271,183 224,464 224,464
Table 6: Is rate changed (I–III); Δ rate, ppt (IV–VI)
PD, previous month (ppt) 0.015 0.014 0.027 0.125 0.128 −0.146∗∗

SE clustered by borrower (0.000) (0.000) (0.000) (0.001) (0.001) (0.002)
SE clustered by month [0.064] [0.067] [0.060] [0.116] [0.122] [0.053]
SE two-way borrower and month {0.062} {0.064} {0.058} {0.112} {0.118} {0.051}
SE Driscoll-Kraay ⟨0.042⟩ ⟨0.044⟩ ⟨0.035⟩ ⟨0.100⟩ ⟨0.106⟩ ⟨0.060⟩

No. observations 3,535,758 3,064,334 3,064,334 3,535,758 3,064,334 3,064,334
Table 7: Δ rate when rate increases (I–III); decreases (IV–VI)
PD, previous month (ppt) −1.097∗∗∗ −1.180∗∗∗ −0.403 1.273∗∗∗ 1.332∗∗∗ −0.147

SE clustered by borrower (0.031) (0.036) (0.030) (0.016) (0.017) (0.019)
SE clustered by month [0.219] [0.212] [0.277] [0.245] [0.243] [0.443]
SE two-way borrower and month {0.165} {0.160} {0.207} {0.181} {0.179} {0.326}
SE Driscoll-Kraay ⟨0.133⟩ ⟨0.137⟩ ⟨0.282⟩ ⟨0.188⟩ ⟨0.194⟩ ⟨0.408⟩

No. observations 40,469 30,606 30,606 117,584 99,771 99,771

Shop controls N Y Y N Y Y
Lagged log LoC and rate N N Y N N Y
Individual FE Y Y Y Y Y Y

Note: Each panel re-estimates the corresponding table in the main text and reports the coefficient on the
previous month’s platform-wide PD (in percentage points) with four alternative standard errors: clus-
tered by borrower (parentheses, as in the main text), clustered by month (brackets, 20 clusters), two-way
clustered by borrower and month (braces), and Driscoll-Kraay with two lags (angle brackets). Because
PD varies only across the 20 months of the regression sample, the month-clustered and Driscoll-Kraay
standard errors are the relevant ones for inference. Stars are based on the month-clustered standard errors
with 𝑡(20) critical values: ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.1.
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Table A4: Credit adjustment for individual borrowers relative to past PD

Is LoC changed (0/1) Δ LoC (RMB)
(I) (II) (III) (IV) (V) (VI)

PD, prev. month −0.144∗∗∗ −0.144∗∗∗ −0.143∗∗∗ −252∗∗∗ −156∗∗∗ 261∗∗∗

(ppt.) (0.001) (0.001) (0.001) (12.4) (13.8) (15.3)
Log LoC, prev. month −0.015∗∗∗ −2,009∗∗∗

(0.000) (17.0)
Interest, prev. month −0.002∗∗∗ −15∗∗∗

(ppt.) (0.000) (2.8)
Shop controls N Y Y N Y Y
Individual FE Y Y Y Y Y Y
𝑅2 0.155 0.162 0.163 0.041 0.049 0.072
𝑁 3,382,776 2,932,390 2,932,390 3,382,776 2,932,390 2,932,390

Note: Baseline regressions of LoC adjustment on lagged PD. Shop controls include log sales
value and log sales orders. Clustered SEs (borrower level) in parentheses. ∗∗∗ 𝑝 < 0.001.

Table A5: Credit adjustment for individual borrowers is asymmetric

Dependent variable: Change in LoC (level, RMB)
Sample When LoC increases (ΔLoC > 0) When LoC decreases (ΔLoC < 0)

(I) (II) (III) (IV) (V) (VI)

PD, prev. month avg. 4, 300.0∗∗∗ 4, 435.2∗∗∗ 4, 404.6∗∗∗ −1, 299.2∗∗∗ −1, 729.7∗∗∗ −1, 342.3∗∗∗

(ppt.) (55.4) (60.5) (65.1) (99.7) (112.4) (105.7)
Log LoC, prev. month −716.5∗∗∗ −11, 600∗∗∗

(27.8) (125.7)
Interest, prev. month −201.3∗∗∗ −396.4∗∗∗

(ppt.) (9.0) (13.6)
Shop controls N Y Y N Y Y
Individual FE Y Y Y Y Y Y
𝑅2 0.501 0.512 0.513 0.652 0.674 0.730
No. observations 691,339 625,065 625,065 326,398 282,082 282,082

Note: This table presents the regression results examining the relationship between aggregate risk and
adjustment in line of credit (LoC). Standard errors, reported in parentheses, are clustered at the in-
dividual borrower level. Shop controls include the log sales value (RMB) and log sales orders. ∗∗∗

𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05.
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C Robustness for Section 5: Instrumental Variable Analy-

sis

This appendix collects additional analyses for the instrumental-variable framework in Section 5.

Subsection C.1 reports robustness using alternative measures and instruments. Subsection C.2

reports the validity tests (reduced-form progressive controls, lead placebo) and identification di-

agnostics (cohort event study,Wald-IV ratio, complier profile). Subsection C.3 repeats the analysis

at the loan level instead of the borrower-month level. Subsection C.4 reports heterogeneity by shop

tenure and the owner’s digital age that complements the main-text mechanism analysis.

C.1 Alternative Measures and Alternative Instruments

Alternative measure: number of buyers. Table A6 substitutes log(number of buyers) for

log(sales) as the measure of platform dependency. The instrument set, controls, and fixed effects

match the main-text Table 14. The 2SLS coefficient on log(buyers) is consistently negative and

strongly significant across the one-, two-, and three-instrument specifications, mirroring themain-

text result that higher platform activity reduces default. The OLS estimate is again attenuated

relative to 2SLS, consistent with the LATE heterogeneity story.

Alternative instrument: Consumer Protection Bail. Table A7 replaces the Gold Seller in-

strument with the log of the seller’s Consumer Protection Bail deposit, both as a current-month

value and as a three-month average. Both deposit IVs deliver strong first-stage F-statistics and

produce 2SLS estimates of platform dependency on default that are larger in magnitude than the

Gold Seller IV, suggesting that Gold Seller may be a conservative instrument.

Long-period sales. As a further robustness check, Table A8 reports results using 3-month cu-

mulative sales instead of monthly sales. The qualitative pattern is preserved across the longer

measurement window.
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Table A6: Platform dependency reduces default: Alternative measure

Default dummy (×100) Default amount share (%)
(1) (2) (3) (4) (5) (6)

Panel A: Two-Stage Least Squares
Log (number of buyers) −0.087∗∗∗ −0.082∗∗∗ −0.096∗∗∗ −0.067∗∗∗ −0.062∗∗∗ −0.075∗∗∗

(0.004) (0.006) (0.010) (0.003) (0.005) (0.008)
Log (loan amount) 0.004 −0.004 −0.006 −0.000 −0.008∗ −0.010

(0.003) (0.004) (0.007) (0.002) (0.004) (0.006)
Number of loans 0.016∗∗∗ 0.015∗∗∗ 0.014∗∗∗ 0.009∗∗∗ 0.009∗∗∗ 0.009∗∗∗

(0.001) (0.002) (0.002) (0.001) (0.001) (0.002)
Shop open years −0.007∗∗∗ −0.006∗ −0.008+ −0.005∗∗∗ −0.005∗ −0.007+

(0.002) (0.003) (0.004) (0.002) (0.002) (0.004)

Panel B: First Stage for Log (number of buyers)
Gold seller dummy (0/1) 1.674∗∗∗ 1.235∗∗∗ 1.103∗∗∗ 1.674∗∗∗ 1.235∗∗∗ 1.103∗∗∗

(0.005) (0.005) (0.008) (0.005) (0.005) (0.008)
Gold seller (lag 1) 0.837∗∗∗ 0.669∗∗∗ 0.837∗∗∗ 0.669∗∗∗

(0.005) (0.007) (0.005) (0.007)
Gold seller (lag 2) 0.473∗∗∗ 0.473∗∗∗

(0.008) (0.008)
F-Statistic 309,231 84,908 26,900 309,231 84,908 26,900
Adjust 𝑅2 0.329 0.353 0.368 0.329 0.353 0.368

Panel C: Ordinary Least Squares
Log (number of buyers) −0.052∗∗∗ −0.053∗∗∗ −0.065∗∗∗ −0.043∗∗∗ −0.044∗∗∗ −0.052∗∗∗

(0.002) (0.003) (0.005) (0.002) (0.003) (0.005)
Gold seller dummy (0/1) −0.058∗∗∗ −0.064∗∗∗ −0.073∗∗∗ −0.040∗∗∗ −0.052∗∗∗ −0.057∗∗∗

(0.007) (0.012) (0.019) (0.006) (0.010) (0.017)
Gold seller (lag 1) 0.009 −0.023 0.018 −0.014

(0.013) (0.019) (0.011) (0.017)
Gold seller (lag 2) 0.036+ 0.028

(0.021) (0.018)

Loan Controls YES YES YES YES YES YES
Shop and Borrower Controls YES YES YES YES YES YES
Industry FE YES YES YES YES YES YES
City-Month FE YES YES YES YES YES YES
Observations 2,266,337 1,025,290 462,275 2,266,337 1,025,290 462,275

Note: Replaces log(sales) with log(number of buyers) as the platform-dependence measure. Panels
and columns follow Table 14. ∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05, + 𝑝 < 0.10.
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Table A7: Platform dependency reduces default: Alternative IV

Default dummy (×100) Default amount share (%)
(1) (2) (3) (4)

Panel A: Two-Stage Least Squares
Log (sales) −0.320∗∗∗ −0.300∗∗∗ −0.268∗∗∗ −0.250∗∗∗

(0.022) (0.023) (0.018) (0.018)

Panel B: First Stage for Log (sales)
Log (deposit amount) 0.051∗∗∗ 0.051∗∗∗

(0.001) (0.001)
Log (3-month average deposit amount) 0.051∗∗∗ 0.051∗∗∗

(0.001) (0.001)
F-Statistic 21,093 20,095 21,093 20,095
Adjust 𝑅2 0.270 0.269 0.270 0.269

Panel C: Ordinary Least Squares
Log (sales) −0.059∗∗∗ −0.059∗∗∗ −0.048∗∗∗ −0.048∗∗∗

(0.002) (0.002) (0.002) (0.002)
Log (deposit amount) −0.013∗∗∗ −0.011∗∗∗

(0.001) (0.001)
Log (3-month average deposit amount) −0.012∗∗∗ −0.010∗∗∗

(0.001) (0.001)

Loan Controls YES YES YES YES
Shop and Borrower Controls YES YES YES YES
Industry FE YES YES YES YES
City-Month FE YES YES YES YES
Observations 2,266,337 2,266,337 2,266,337 2,266,337

Note: Uses the log of the Consumer Protection Bail deposit as an alternative instrument for
log(sales), either current-month or 3-month average. Loan controls exclude log(deposit)when
it enters as instrument. ∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05, + 𝑝 < 0.10.
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Table A8: Platform dependency reduces default: Long period measure

Default dummy (×100) Default amount share (%)
(1) (2) (3) (4) (5) (6)

Panel A: Two-Stage Least Squares
Log (3-months sales) −0.345∗∗∗ −0.312∗∗∗ −0.326∗∗∗ −0.149∗∗∗ −0.132∗∗∗ −0.146∗∗∗

(0.015) (0.016) (0.024) (0.007) (0.009) (0.014)

Panel B: First Stage for Log (Sales)
Gold seller dummy (0/1) 2.419∗∗∗ 1.507∗∗∗ 1.157∗∗∗ 2.419∗∗∗ 1.507∗∗∗ 1.157∗∗∗

(0.073) (0.034) (0.032) (0.073) (0.034) (0.032)
Gold seller (lag 1) 1.543∗∗∗ 1.055∗∗∗ 1.543∗∗∗ 1.055∗∗∗

(0.048) (0.027) (0.048) (0.027)
Gold seller (lag 2) 1.131∗∗∗ 1.131∗∗∗

(0.032) (0.032)
F-Statistic 135,811 42,313 14,972 135,811 42,313 14,972
Adjust 𝑅2 0.398 0.424 0.435 0.398 0.424 0.435

Loan Controls YES YES YES YES YES YES
Shop and Borrower Controls YES YES YES YES YES YES
Industry FE YES YES YES YES YES YES
City-Month FE YES YES YES YES YES YES
Observations 640,303 321,691 161,051 640,303 321,691 161,051

Note: This table shows the 2SLS regressions for default variables using 3-month sales as the measure
of platform dependency. ∗∗∗ 𝑝 < 0.01, ∗∗ 𝑝 < 0.05, ∗ 𝑝 < 0.1.

60



C.2 IV Validity and Identification Diagnostics

Reduced-form regressions with progressive controls. Table A9 reports reduced-form re-

gressions of default on the Gold Seller indicator, progressively adding controls from a fixed-

effects-only specification (column 1) through to a full set including log(sales), log(buyers), and

log(orders) (column 6). The Gold Seller coefficient is large and significant in columns 1–3 but

shrinks substantially once log(sales) is included in column4 – consistentwith the platform-dependency

channel operating primarily through observable sales rather than through an unobserved direct

channel. Adding log(buyers) and log(orders) in columns 5–6 yields essentially no further atten-

uation, indicating that contemporaneous platform-activity measures are close substitutes.

Table A9: IV validity: reduced-form with progressive controls

(1) (2) (3) (4) (5) (6)
FE only + Loan + Full ctrl + log(sales) + log(buyers) + log(orders)

Gold seller dummy −0.172∗∗∗ −0.157∗∗∗ −0.145∗∗∗ −0.023∗∗ −0.020∗ −0.021∗∗

(0.006) (0.007) (0.007) (0.008) (0.008) (0.008)
Log (sales) −0.057∗∗∗ −0.042∗∗∗ −0.041∗∗∗

(0.002) (0.003) (0.003)
Log (buyers) −0.022∗∗∗ −0.017∗∗∗

(0.003) (0.003)
Log (orders) −0.012∗∗∗

(0.004)

Observations 2,266,337 2,266,337 2,266,337 2,266,337 2,266,337 2,266,337

Note: Reduced-form regressions of default on Gold Seller status with progressively added controls.
Log(sales) absorbsmost of theGold Seller–default association; adding log(buyers) and log(orders) does
not provide meaningful further reduction, indicating that contemporaneous platform-activity measures
are close substitutes. ∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05, + 𝑝 < 0.10.

Lead placebo test. Table A10 reports a placebo specification in which the lead (one-month-

ahead) Gold Seller dummy is added to the reduced-form regression. The lead enters strongly

when no other Gold Seller terms are included (column 1), reflecting persistence of Gold Seller

status across months. Once the current Gold Seller (column 2) and a one-month lag (column 3)

are added, the lead is partially attenuated; further conditioning on log(sales) (column 4) reduces

the lead by an additional ∼24%. The pattern is consistent with a contemporaneous causal channel

through sales, with the residual lead capturing the seller-improvement trajectory documented in
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the event-study figures of the main text.

Table A10: Lead Gold Seller placebo

(1) (2) (3) (4) (5)
Lead only +Current +Current+Lag +Sales +All activity

Gold seller (lead 1) −0.097∗∗∗ −0.078∗∗∗ −0.084∗∗∗ −0.059∗∗∗ −0.059∗∗∗

(0.006) (0.007) (0.011) (0.007) (0.007)
Gold seller (current) −0.035∗∗∗ −0.036∗∗∗ −0.009 −0.010

(0.008) (0.011) (0.008) (0.008)
Gold seller (lag 1) 0.002

(0.013)
Log (sales) −0.018∗∗∗ −0.016∗∗∗

(0.002) (0.003)
Log (buyers) 0.001

(0.003)
Log (orders) −0.009∗∗

(0.003)

Observations 980,936 980,936 442,026 980,936 980,936

Note: Columns progressively control for current Gold Seller status and contemporaneous
platform activity. The lead coefficient partially attenuates (cols 2–3) but remains signifi-
cant; adding log(sales) in col 4 reduces the lead by a further 24%, and additional activity
measures (cols 5) provide no marginal reduction. The residual lead coefficient reflects the
seller-improvement trajectory in the months preceding first Gold Seller certification — the
same dynamic visible in the event study (Figure A1). ∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05,
+ 𝑝 < 0.10.

Cohort-specific event study. We split the treated population by the calendar year of first Gold

Seller certification (2018, 2019, and 2020) and re-estimate the event studywithin each cohort using

a common pool of never-treated controls. Figure A1 reports the Sun–Abraham (2021) interaction-

weighted estimates. The first-stage panel shows that all three cohorts produce a clean V-shape

with a sharp positive jump in log(sales) at 𝑘 = 0 that decays over the following two to three

months. The reduced-form panel for default is more heterogeneous: the 2019 cohort shows the

cleanest negative response at 𝑘 = 0 (consistent with the pooled main-text estimate), whereas the

2018 and 2020 cohorts show smaller and noisier responses. The pooled estimate in the main text is

therefore an average across cohort-level effects of varying magnitude, but the qualitative direction

(negative at 𝑘 = 0) is preserved.
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Figure A1: Cohort-specific event study around the first Gold Seller certification
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(a) First stage: log(sales)
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(b) Reduced form: default (pp)

Note: Treated borrowers are split by the calendar year of first Gold Seller certification (2018, 2019,
2020); the never-treated control group is common across cohorts. Estimator is Sun–Abraham
(2021) interaction-weighted, with borrower and city×month fixed effects. Bars show 95% confi-
dence intervals based on standard errors clustered at the borrower level. Baseline period 𝑘 = −1
is omitted by construction.

Wald-IV ratio by horizon. For each event time 𝑘 we compute the horizon-specific Wald-IV

estimate ̂𝛽RF
𝑘 / ̂𝛽FS

𝑘 . Under the exclusion restriction the ratio should be approximately constant across

𝑘 and equal to the structural parameter. Figure A2 shows the ratio decomposed by event time, with

the Section 5 IV reference of −0.075 overlaid. The pre-event period (𝑘 = −6) gives a ratio close

to −0.34, while 𝑘 = 0 gives a ratio near −0.07 matching the main-text estimate; the ratio becomes

unstable for 𝑘 ≥ 3 where the first stage has decayed. This decomposition shows that the main-text

IV estimate is most representative of the contemporaneous-shock effect rather than longer-horizon

co-movements.

Complier profile (Abadie 2003). Table A11 reports Abadie (2003) 𝜅-weighted means of bor-

rower characteristics for the complier subpopulation – those whose log(sales) is induced to cross

the median by Gold Seller status. The complier share is 𝜋̂𝑐 ≈ 0.54. Compliers have lower sales

(by 10%) and fewer buyers (by 16%) than the full sample, but a 24% higher baseline default rate.

This indicates that the IV identifies the local effect for marginal, platform-dependent, higher-risk

sellers – exactly the subgroup for which the platform-incentive channel emphasised in the main
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Figure A2: Wald-IV ratio by event time
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Note: For each event time 𝑘, the figure plots ̂𝛽RF
𝑘 / ̂𝛽FS

𝑘 , the horizon-specific Wald-IV estimate of the
effect of log(sales) on default (in percentage points per log-point sales). Under the exclusion re-
striction, the ratio should be approximately constant across 𝑘 and equal to the structural parame-
ter. The dotted blue line marks the main-text IV reference of −0.075 from Table 14. Periods with
| ̂𝛽FS

𝑘 | < 0.05 are dropped because the ratio is unstable when the first stage has decayed. Bars show
95% confidence intervals.

text would be expected to bind most strongly.
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Table A11: Complier profile: characteristics of marginal sellers identified by the Gold
Seller IV

Variable Full sample Complier Ratio Difference

Log (sales) 9.450 8.500 0.900 -0.950
Log (number of buyers) 4.317 3.649 0.845 -0.668
Log (loan amount) 10.403 10.168 0.977 -0.235
Number of active loans 3.845 3.631 0.944 -0.214
Shop open years 6.097 6.122 1.004 +0.025
Log (online time) 10.107 9.919 0.981 -0.188
Shop rating 0.991 0.990 0.999 -0.001
Forge rate 14.095 14.322 1.016 +0.227
Years used digital payment 7.418 7.441 1.003 +0.023
Is car owner 0.607 0.592 0.975 -0.015
Is property owner 0.932 0.929 0.997 -0.003
Log (deposit) 4.692 4.351 0.927 -0.341
P4P participant 0.839 0.813 0.969 -0.026
Default (pp) 0.205 0.254 1.239 +0.049

Complier share 𝜋̂𝑐 0.544
Sample (after PS trim) 2,113,300 borrower-months

Note: Abadie (2003) 𝜅-weighted means of borrower characteristics for the
complier subpopulation, defined as borrower-months induced to cross the
median log(sales) by Gold Seller status. The propensity score 𝑃(𝑍 =
1 ∣ 𝑊) is estimated by logit on shop tenure, online time, demograph-
ics, deposit, forge rate, good rate, and industry FE; observations with
̂𝑝 ∉ (0.01, 0.99) are trimmed. Compliers have lower sales (by 10%) and

buyers (by 16%) than the full sample, but a 24% higher baseline default
rate, indicating that the IV identifies a marginal, platform-dependent,
higher-risk subgroup.
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C.3 Robustness at the Loan Level

The main analysis in Section 5 uses a borrower-month panel: each observation is one calendar

month during which a borrower has at least one active loan. As a robustness check on the unit

of observation, this subsection re-estimates the analysis at the loan level: each observation is one

completed loan, the dependent variable is whether the loan ultimately defaulted (0/100), the ex-

planatory variable of interest is the average log(sales) over the loan’s active life, and the instru-

ment is the fraction of loan-life months during which the borrower was a Gold Seller. Loan-level

analysis avoids potential confounding from time-aggregation choices and delivers the loan-level

interpretation of the platform-dependency effect.

Table A12 reports descriptive statistics for the loan-level analysis sample. The sample contains

2,418,347 completed loans on 367,036 borrowers, with an overall default rate of 2.2%, a median

loan life of seven months, and an annualized interest rate averaging 15.0%. Shop-level variables

are averaged over each loan’s activemonths; Gold Seller exposure is captured both as the fraction of

loan-life months with certification (mean 0.18) and as a binary indicator equal to 1 if the borrower

was ever a Gold Seller during the loan’s life (mean 0.29).

Across all five regression tables in this subsection, the qualitative pattern from the borrower-

month analysis is preserved: higher platform sales reduce the probability of loan default, the

effect is concentrated among platform-dependent sellers, and the IV consistently delivers a larger

absolute effect than OLS.

Loan-level main IV. Table A13 reports the loan-level main-IV result. A one log-point increase

in life-averaged sales reduces the loan’s default probability by 0.47 percentage points; the first-

stage F-statistic of 7.5×105 indicates an extremely strong instrument. The 2SLS estimate (−0.470) is

roughly twice the OLS estimate (−0.260), an OLS–IVwedge in the same direction as the borrower-

month evidence in Section 5.

Alternative measure: number of buyers. Table A14 substitutes life-averaged log(buyers)

for log(sales) as the platform-dependence measure. The IV coefficient is −0.598 (SE 0.048), pre-

serving the negative direction of the platform-dependence effect; the somewhat larger magnitude

reflects that buyer counts move less than sales per unit of platform exposure.
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Table A12: Descriptive statistics at the loan level

Variable Mean P25 Median P75 Std. Dev. N

Loan information
Default (0/1) 0.022 0.000 0.000 0.000 0.147 2,418,347
Loan amount (yuan) 20,478 2,000 7,050 20,000 46,095 2,418,347
Loan life (months) 7.67 4.00 7.00 13.0 4.53 2,418,347
Interest rate (annualized, %) 14.95 13.69 14.96 15.82 2.24 2,418,347
Forge rate (credit score) 14.8 13.9 14.8 15.6 2.08 2,418,347

Shop information (life-averaged)
Log (avg sales over loan life) 9.41 8.08 9.48 10.80 2.02 2,418,347
Log (avg buyers over loan life) 4.25 2.84 4.18 5.56 1.88 2,393,033
Frac (Gold Seller) over loan life 0.177 0.000 0.000 0.200 0.328 2,418,347
Any Gold Seller during loan life 0.287 0.000 0.000 1.000 0.452 2,418,347
Avg shop rating over loan life 0.99 0.99 0.99 1.00 0.02 2,418,347
Log (avg CS online time) 9.75 9.41 10.16 10.63 1.71 2,299,700
Avg shop open years 6.40 4.11 6.04 8.47 3.03 2,418,347
Frac P4P over loan life 0.802 1.000 1.000 1.000 0.394 2,418,347

Borrower Characteristics
Age 35.7 29.0 33.0 39.0 9.79 366,967
Years used digital payment 7.20 5.00 7.00 9.00 3.04 367,036
Is property owner 0.909 1.000 1.000 1.000 0.288 366,278
Is car owner 0.587 0.000 1.000 1.000 0.492 366,278

Note: Descriptive statistics for the loan-level analysis sample used in Appendix C.3. Each
observation is one completed loan. Shop-level variables (sales, buyers, Gold Seller sta-
tus, shop rating, customer-service online time, shop open years, P4P participation) are
averaged across the loan’s active months from disbursement to end-of-life. Frac (Gold
Seller) is the fraction of loan-life months during which the borrower held Gold Seller
status; Any Gold Seller is a binary indicator equal to 1 if the borrower was Gold Seller
in at least one month during the loan’s life. The interest rate is the annualized contracted
rate. Borrower-level variables (Age, digital payment years, property/car ownership) are
reported on the unique-borrower basis.

Alternative instrument: ever Gold Seller during loan life. Table A15 replaces the contin-

uous instrument (fraction of loan-life months as Gold Seller) with a binary indicator equal to 1 if

the borrower was ever a Gold Seller during the loan’s active life. The 2SLS estimate of −0.334 is

modestly smaller in absolute magnitude than the main specification, as expected for the coarser

instrument; the sign and significance are unchanged.

IV validity: reduced form with progressive controls. Table A16 reports the loan-level

reduced-form of default on the Gold Seller life-fraction with progressively richer controls. The
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Table A13: Platform dependency reduces default at the loan level

First stage 2SLS OLS
log(sales)life default (pp) default (pp)

Log (sales)life (instrumented) −0.470∗∗∗ −0.260∗∗∗

(0.037) (0.030)
Frac (Gold Seller)life 2.729∗∗∗ −0.574∗∗∗

(0.012) (0.130)

Loan + Borrower controls YES YES YES
Industry + City×Disburse-month FE YES YES YES
First-stage F 751,284 — —
Adjust 𝑅2 0.486 — —
Observations 2,296,035 2,296,035 2,296,035

Note: Loan-level cross-section. Each observation is one loan with completed
status (settled, defaulted, or written off). frac_gold is the fraction of months
in the loan’s active life during which the borrower held Gold Seller status;
avg_log_sales is the mean of log monthly sales over the loan’s life. Standard
errors clustered at the borrower level. ∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05, +

𝑝 < 0.10.

Table A14: Loan-level alternative measure of platform dependency: number of buyers

First stage 2SLS OLS
log(buyers)life default (pp) default (pp)

Log (buyers)life −0.598∗∗∗ −0.188∗∗∗

(0.048) (0.030)
Frac (Gold Seller)life 2.134∗∗∗

(0.015)

Loan + Borrower controls YES YES YES
Industry + City×Disburse-month FE YES YES YES
First-stage F 445,614 — —
Observations 2,280,929 2,280,929 2,280,929

Note: Loan-level cross-section. Replaces life-averaged log(sales) with life-averaged
log(number of buyers) as the platform-dependence measure. The instrument is the
fraction of months in the loan’s active life during which the borrower held Gold
Seller status. Loan, borrower, and shop controls match Table A13. Standard errors
clustered at the borrower level. ∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05, + 𝑝 < 0.10.

Frac (Gold Seller) coefficient shrinks from −1.459 (FE only, column 1) to −0.574 once life-averaged

log(sales) is added (column 4) – a 60% reduction that mirrors the borrower-month finding (Ta-

ble A9) that the bulk of the Gold Seller–default association is mediated by observable platform

activity. Adding log(buyers) in column 5 produces no further reduction.
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Table A15: Loan-level alternative IV: ever Gold Seller during loan life

First stage 2SLS OLS
log(sales)life default (pp) default (pp)

Log (sales)life −0.334∗∗∗ −0.304∗∗∗

(0.039) (0.030)
Any Gold Sellerlife 2.011∗∗∗

(0.008)

Loan + Borrower controls YES YES YES
Industry + City×Disburse-month FE YES YES YES
First-stage F 781,309 — —
Observations 2,296,035 2,296,035 2,296,035

Note: Loan-level cross-section. Replaces the continuous instrument frac_gold
(the fraction of loan-life months as Gold Seller) with a binary indicator equal to 1
if the borrower was ever a Gold Seller during the loan’s active life. Same outcome,
controls, and fixed effects as Table A13. Standard errors clustered at the borrower
level. ∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05, + 𝑝 < 0.10.

Table A16: Loan-level IV validity: reduced-form with progressive controls

(1) (2) (3) (4) (5)
FE only + Loan + Full ctrl + Sales + Buyers

Frac (Gold Seller)life −1.459∗∗∗ −1.268∗∗∗ −1.282∗∗∗ −0.574∗∗∗ −0.560∗∗∗

(0.096) (0.099) (0.101) (0.130) (0.131)
Log (sales)life −0.260∗∗∗ −0.242∗∗∗

(0.030) (0.034)
Log (buyers)life −0.029

(0.034)

Industry + City×Disburse-month FE YES YES YES YES YES
Observations 2,418,005 2,418,005 2,296,035 2,296,035 2,280,929

Note: Loan-level reduced-form regressions of default on the Gold Seller life-fraction, with pro-
gressively richer controls. Column (1) includes only fixed effects; col. (2) adds loan-level controls
(loan amount, interest rate, forge rate, life months); col. (3) adds the full set of borrower and
shop-life controls; col. (4) adds life-averaged log(sales); col. (5) adds life-averaged log(buyers).
The Frac (Gold Seller) coefficient drops from −1.46 (FE only) to −0.57 when sales is added, mir-
roring the borrower-month finding (Table A9) that the bulk of the Gold Seller–default association
is mediated by observable platform activity. Standard errors clustered at the borrower level. ∗∗∗

𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05, + 𝑝 < 0.10.

Loan-level heterogeneity. Table A17 reports loan-level heterogeneity by three split criteria:

life duration, P4P advertising participation, and loan size. The platform-dependence effect is five

times stronger for loans of life > 2 months (−0.530) than for short loans (−0.107), consistent
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with the intuition that longer loan exposure leaves more scope for the platform-incentive channel

to operate. The effect is also slightly stronger for P4P participants and for smaller loans, both

consistent with the mechanism evidence in Section 5.

Table A17: Loan-level heterogeneity: 2SLS estimate of log(sales)life on default

Subsample Coefficient First-stage F N

Life ≤ 2 months −0.107∗∗∗ (0.013) 112,967 457,837
Life > 2 months −0.530∗∗∗ (0.047) 664,071 1,837,016
P4P high −0.512∗∗∗ (0.043) 600,573 1,853,935
P4P low −0.439∗∗∗ (0.055) 114,208 441,058
Loan amount large −0.430∗∗∗ (0.032) 417,417 1,164,157
Loan amount small −0.554∗∗∗ (0.061) 299,056 1,130,972

Note: 2SLS estimates of life-averaged log(sales) on the loan-
default dummymultiplied by 100. Subsamples split as indicated.
Frac (Gold Seller)life is the instrument throughout. Standard er-
rors clustered at the borrower level.
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C.4 Heterogeneity by Shop Tenure and Owner’s Digital Age

The main-text Table 16 reports heterogeneity in the platform-dependency effect by P4P participa-

tion, seller star rating, and an outstanding-balance cash-flow control. As a complement to those

tenure-based proxies for platform-specific investment, Table A18 reports the analogous splits by

shop tenure (years since the seller opened the shop) and the owner’s digital age (years since the

owner first registered as a consumer on the platform, prior to opening a shop). The estimated

2SLS effects are similar across short- and long-tenure subgroups, consistentwith the interpretation

that these variables capture general business or platform familiarity rather than platform-specific

investment, and therefore provide a weaker discriminating signal than the P4P and star-rating

proxies in the main text.

Table A18: Heterogeneity by shop tenure and owner’s digital age

Dep. var.: Default dummy (×100)

(1) (2)

Shop tenure Short Long
Log (sales) −0.069∗∗∗ −0.063∗∗∗

(0.007) (0.007)
[63, 183] [69, 159]

𝑁 505,224 518,442
Owner’s digital age Short Long
Log (sales) −0.081∗∗∗ −0.056∗∗∗

(0.008) (0.006)
[50, 732] [81, 904]

𝑁 413,882 609,781

Controls & FEs Yes

Note: 2SLS estimates of log(sales) on default (×100),
splitting the sample at the median of the indicated
variable. Same specification, controls, instruments
and fixed effects as the main heterogeneity analysis
(Table 16). Differences across tenure and digital-age
subgroups are economically modest, consistent with
these proxies capturing general business experience
rather than platform-specific investment. First-stage
𝐹-statistics in brackets; standard errors in parentheses,
clustered at the borrower level. ∗∗∗ 𝑝 < 0.001.
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