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Abstract

Advertising plays a crucial role in online marketplaces, where thousands of mer-
chants offer similar products and compete for visibility and consumer attention.
This study demonstrates theoretically and empirically that merchants underinvest in
building customer capital due to financial constraints. By leveraging quasi-random
variation in merchants’ access to credit from a major platform lender, we establish
that alleviating financial constraints leads to increases in advertising expenditures,
enhanced shop visibility, and accelerated sales growth. The effects are especially
pronounced among high-quality merchants with top ratings, suggesting that finan-
cial frictions may lead to misallocation of customer capital.
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1 Introduction

It is well documented that firm profitability and growth do not depend on productivity or
technological efficiency alone (Foster et al., 2008). Demand-side fundamentals are equally cru-
cial and can vary considerably among firms within the same market. For instance, young
entrepreneurs typically trail behind their larger competitors regarding brand visibility, reputa-
tion, and customer base. Indeed, a lack of “customer capital” has been identified as a significant
barrier to firm growth (Foster et al., 2016). Importantly, customer capital is not exogenous;
firms can actively invest in advertising to enhance their visibility and customer base. In princi-
ple, advertising should enable small, high-quality firms to increase their market share. However,
in practice, smaller firms tend to grow slowly and frequently exit the market, even when their
productivity equals or surpasses that of larger, established competitors (Ferraz et al., 2015).

In this paper, we hypothesize that small firms often “underadvertise” or underinvest in
customer capital because they are financially constrained. Having no or only limited access to
capital markets, small firms must often rely on bank credit. Traditional banks often refuse to
fund investments in customer capital because it cannot be used as collateral to secure loans.
After all, a firm’s visibility and reputation, as well as its customer base, are intangible and
more difficult to value and sell than physical assets. Additionally, unsecured bank loans might
be inaccessible due to asymmetric information, where banks fear potential adverse selection or
moral hazard issues.

We argue that the rise of platform credit is particularly effective in addressing the financial
constraints of small firms and, hence, key challenges related to the accumulation of customer
capital. When we speak of platform credit, we consider credit from a company that simultane-

ously operates an e-commerce marketplace, for example, for retail consumer goods, and lends to



merchants selling their goods on this platform. Such platform lenders can more accurately assess
the quality and productivity of their borrowers by analyzing their detailed transaction histories
and customer reviews, partially mitigating the issue of asymmetric information. Importantly,
these lenders also have a greater ability to recover debt in cases of default, as they typically pro-
cess and potentially have recourse to the payments between merchants and customers. Hence,
compared to banks, platform lenders are in a better position to prevent defaulting borrowers
from absconding with cash flows. Overall, these benefits should reduce the need for collateral
and significantly enhance borrowers’ ability to finance investments in customer capital.

We formalize these intuitions in a two-period model that features heterogeneous merchants
who maximize expected utility from consumption and advertise to increase their visibility on
an e-commerce marketplace. When a merchant’s net worth is insufficient to cover advertising
expenses, they must rely on credit from either a traditional bank or from the company that
operates the e-commerce marketplace (the platform lender). Since advertising outcomes are
uncertain, some merchants may default on their debt. In such cases, the platform lender can
recover a larger fraction of the debt from the merchant’s available cash than a traditional
bank. We provide an analytical characterization of the optimal advertising, consumption,
and borrowing decisions. We prove that when lenders have a stronger ability to recover debt
from defaulting merchants—a scenario achievable through platform credit—advertising levels in
equilibrium as well as sales growth increase. This effect is particularly pronounced for merchants
with higher product quality or efficiency, i.e., for merchants with higher expected returns to
advertising.

To test these theoretical predictions, we exploit a setting that features small firms that

have large advertising needs but little collateral and that experience a quasi-random shock to



their financial constraints: access to platform credit on Alibaba’s e-commerce platform Taobao.
Taobao is a Chinese online marketplace for consumer goods sold predominantly by small busi-
nesses and individual entrepreneurs (henceforth called merchants), who rarely manufacture
themselves. Customers or buyers can choose from a large variety of differentiated products.
While the depth of the market attracts customers, it also increases search costs and limits the
visibility of each individual merchant, making its existing customer base and reputation its
most valuable assets. To increase their visibility, merchants can buy advertisement space on
Taobao, typically in the form of web banners that redirect customers to a merchant’s shop page.

Alibaba provides small business credit to Taobao merchants through AntFinancial (Ant
Group). Credit allocation is fully automated and relies on an algorithm that scores merchants’
creditworthiness mostly based on transaction data from Taobao. Merchants do not observe
their credit scores and do not know how they are calculated. They do not apply for a loan
from AntFinancial themselves but receive automatic notification when they qualify for credit.
AntFinancial has adjusted its credit eligibility criteria over time. For the purpose of this paper,
we focus on the first half of the year 2015 when credit access is conditional on a credit score
surpassing a certain threshold. Overall, platform credit from AntFinancial to Taobao merchants
falls into the category of “BigTech credit”, as it is supplied by a large technology company that
makes use of the big data generated in its core business (i.e., data from Taobao) and employs
an Al to manage credit scoring, loan approval, and monitoring of borrowers.

In our data set, we can measure merchants’ performance as sales growth, their visibility
as the number of customers’ shop page visits, investments in customer capital as advertising
expenses, and their reputation/quality as public customer ratings. We further observe each

merchant’s credit score, credit eligibility status, and credit uptake from AntFinancial. To test



our hypothesis that financial constraints explain underinvestment in customer capital (i.e.,
underadvertising) by small firms (i.e., by Taobao merchants), we exploit the fact that access
to platform credit from AntFinancial is discontinuous at a given credit score threshold. More
specifically, we use quasi-random variation in credit eligibility for merchants with scores around
the cutoff for causal identification in a regression discontinuity design (RDD).

Our empirical analyses show that (quasi-random) access to platform credit increases invest-
ment in customer capital. Consistent with our theoretical model, we find that merchants right
above the credit score cut-off increase advertising by 0.024 RMB for each RMB in their sales.
This accounts for a sizeable fraction of their new borrowings from AntFinancial: on average,
these merchants use 17% of their new credit from AntFinancial to finance additional advertis-
ing expenses. We interpret this finding as evidence that merchants were financially constrained
before qualifying for platform credit, in the sense that they could not finance advertising out
of alternative funding sources or only at prohibitively higher costs. In other words, platform
credit causes merchants to advertise more by relaxing their financial constraints.!

The effect of platform credit on advertising varies across Taobao merchants. We use past
customer ratings for product quality, service, and delivery to distinguish between merchants of
different quality or reputation. We find that only merchants with customer ratings above the
median increase investment in customer capital after accessing credit from AntFinancial. These
high-quality merchants use their new credit almost exclusively to fund an increase in advertising
expenses. By contrast, merchants with below-median ratings do not increase advertising at

all. One possible explanation would be that these low-quality merchants were not financially

! Assume that the opposite was true and that merchants were not financially constrained in the absence of
platform credit. In that case, platform credit would have no effect on advertising as merchants could simply
finance advertising out of other funding sources. In general, in the absence of financial frictions, financial policy
is irrelevant, and investment policy (advertising) is independent of platform credit (Modigliani and Miller, 1958).
The fact that platform credit has a positive effect on advertising allows us to reject this null hypothesis.



constrained beforehand and could already advertise in the absence of platform credit. However,
we find that low-quality merchants borrow five times as much credit from AntFinancial as their
high-quality counterparts. Hence, if anything, they seem to have been more and not less
financially constrained ex ante. A more plausible explanation for the higher pass-through of
credit to advertising by high-quality merchants, consistent with our model prediction, is that
advertising is more profitable for merchants with high ratings. Specifically, when a new buyer
clicks on an advertisement banner and is redirected to a shop page, he or she will be more
likely to actually buy something if the shop page shows higher ratings by the merchant’s past
customers. Vice versa, bad customer ratings should depress the conversion of advertisement-
directed shop visits into purchases.

Platform credit is useful because it solves or at least alleviates underinvestment in customer
capital by financially constrained merchants. If this hypothesis were correct, we should observe
that those merchants who use the new credit from AntFinancial to advertise become more
visible among customers in subsequent months and manage to grow faster. Our empirical
analysis confirms this prediction. We find that those (and only those) merchants that use
their credit on advertising increase the number of shop page visits by potential buyers and
grow their sales revenues over the next quarter. For example, high-quality (i.e., advertising)
merchants grow the number of shop page visits about 10 times (0.143 vs. 0.015) faster than
low-quality (non-advertising) merchants after receiving platform credit. As sales growth and
the increase in shop page visits occur only for the high-quality merchants, who spend their new
credit almost exclusively on advertising, we are confident that the positive effect of platform
credit on customer capital and growth operates indeed through advertising and not through

other investments.



Overall, we find that access to platform credit from AntFinancial increases advertising
spending, particularly among high-quality merchants with strong customer ratings. Lower-
rated merchants, despite borrowing more, do not invest in advertising, likely because it is less
profitable for them. Only merchants who allocate credit to advertising experience significant
growth in customer visits and sales, confirming that platform credit alleviates financial con-
straints and drives business expansion through increased visibility.

This paper contributes to the broader literature on FinTech credit (see surveys in Allen et
al., 2021; Berg et al., 2022; Cornelli et al., 2023). More specifically, our analysis focuses on a
subset of FinTech lenders that not only provide financial services but also operate e-commerce
marketplaces—commonly referred to as BigTech or platform lenders. Several theoretical papers
study this dual-role setting, including, for example, Bouvard et al. (2022), Huang (2023), Li
and Pegoraro (2023), and Huang et al. (2025). These papers highlight how platform lenders
can ease borrowers’ financial constraints, either through better screening and monitoring, or
because they internalize positive network externalities within the platform. Building on this
literature, we adopt the notion of platform lenders’ better loan enforcement technology relative
to traditional banks, and study its implications for borrowers’ advertising decisions in a product
market characterized by search frictions. Cong et al. (2024) develop a general framework of
FinTech platforms with asymmetric cross-side network effects and platform-level default risk,
emphasizing user behavior and market dynamics. In contrast, we focus on the micro-level
investment behavior of financially constrained merchants and the role of enforcement-based
platform credit in facilitating customer capital formation.

In the empirical literature, the most closely related studies are Chen et al. (2021) and Hau

et al. (2024), both of which examine FinTech credit on Alibaba’s Taobao platform. Chen et al.



(2021) show that access to platform credit reduces firms’ sales volatility and exit probability, and
that credit recipients experience higher advertising-related revenues. However, their analysis
centers on the output side—sales and volatility—without directly observing firms’ advertising
expenditures or the accumulation of customer capital. By contrast, our paper focuses on the
input side. We trace how access to platform credit relaxes financing constraints, allowing
merchants to increase advertising investment, build customer capital, and expand sales through
greater visibility rather than through reduced risk exposure. Moreover, by documenting that
these effects are concentrated among high-quality merchants with strong customer ratings, we
uncover a novel allocation-efficiency dimension: platform credit channels funds toward firms
with the highest marginal returns to advertising and thus improves the efficiency of intangible-
capital formation within the platform economy.

Hau et al. (2024) focus on a different mechanism, financial inclusion in under-banked regions,
and link the real effects of platform credit to inefficiencies in the credit allocation processes of
state-owned banks in China. By contrast, our analysis centers on the role of platform credit
in financing intangible assets and facilitating borrowers’ accumulation of customer capital. In
doing so, we contribute to a broader set of empirical studies on FinTech lending to small
and medium-sized enterprises (SMEs) (e.g., Beaumont et al., forthcoming; Gambacorta et al.,
2022; Gopal and Schnabl, 2022; Liu et al., 2022; Ghosh et al., forthcoming). A key insight
from this literature is that FinTech lenders’ privileged access to data enables them to lend
to borrowers without collateral—an observation that aligns with our own findings. Relative
to these papers, we causally identify the real effects of FinTech credit extended within the e-
commerce marketplace of the lender, and we pin down the underlying mechanism as borrowers’

accumulation of customer capital.



Finally, our findings on the interplay between platform credit and the accumulation of
customer capital inform a growing literature that highlights demand-side fundamentals as key
drivers of firm growth. Gourio and Rudanko (2014) and Rob and Fishman (2005), for example,
emphasize the importance of a merchant’s customer base as a form of intangible capital that
impacts firm valuation and growth.? Bian et al. (2025) document how firms’ access to and
sharing of customer data creates a network of intangible capital that influences firm performance
and valuation across sectors. However, these papers do not consider cases in which the firms
can face external borrowing constraints. Relative to this literature, we emphasize the role
of financial frictions in the accumulation (or lack thereof) of customer capital and show that
platform credit can address an important underadvertising problem that is most pertinent to
small, collateral-constrained entrepreneurs. We do so by exploiting quasi-random variation in

financial constraints on one of the largest e-commerce platforms worldwide.?

2 Theory

What market imperfections make it difficult for traditional banks to finance investments in
intangible assets like brand visibility or customer base (henceforth, customer capital)? Why
would companies that operate e-commerce platforms be in a better position to provide such
funding? In Section 2.1, we review the answers that the literature has given to these questions.
In Section 2.2, we then solve a two-period model with search frictions in the product market

and financial frictions in the credit market and derive testable predictions.

2Further, see Foster et al. (2008, 2016) and Ferraz et al. (2015).

3This paper also contributes to the measurement of customer capital by leveraging merchant-level data from
an online marketplace. Unlike public companies, where customer capital is one of several growth drivers (e.g.,
Crouzet et al. (2022); Dou et al. (2021); He et al. (2024)), the growth of online merchants depends exclusively
on the expansion of their customer base.



2.1 Bank credit vs. platform credit in the literature

Traditional credit markets face challenges when lending to firms due to asymmetric informa-
tion about borrower prospects. This information asymmetry can lead to two main problems:
adverse selection and moral hazard. In the presence of adverse selection, lenders struggle to
differentiate between high-risk and low-risk borrowers, which can result in credit rationing,
where even creditworthy borrowers are denied loans (Stiglitz and Weiss, 1981). Moral hazard
arises when lenders cannot observe the effort borrowers exert in pursuing their investments or
whether they strategically default by misreporting realized cash flows (e.g., Aghion and Bolton,
1997; Holmstrom and Tirole, 1997; Townsend, 1979; Diamond, 1984; Gale and Hellwig, 1985;
Williamson, 1986). The inability to fully monitor borrowers’ behavior may lead to inefficient
credit allocation and an increase in the cost of borrowing.

One mechanism to mitigate asymmetric information problems in credit markets is the use
of collateral. Collateral serves as a screening device, enabling lenders to distinguish between
riskier and safer borrowers (Bester, 1985, 1987; Besanko and Thakor, 1987; Chan and Kanatas,
1985). By requiring collateral, banks can induce self-selection, as safer borrowers are more
willing to pledge assets to secure lower interest rates, while riskier borrowers opt for unsecured
credit at higher rates. Moreover, collateral helps address moral hazard by reducing borrowers’
incentives to default strategically and divert cash flows for personal use (Bester, 1994).

However, when firms seek credit to finance investments in intangible assets, such as brand
visibility or customer acquisition, traditional collateral mechanisms can become ineffective. Un-
like physical assets, intangible assets are difficult to value and often non-transferable, making
them poor collateral. Merchants on platforms like Taobao, for instance, rely heavily on cus-

tomer engagement and reputation, which are not easily collateralized. As a result, banks face



substantial challenges in financing these firms, leading to credit constraints.

The literature has different reasons why e-commerce platform lenders could be able to
overcome these credit market frictions even when collateral is unavailable. Several studies argue
that platform lenders have superior monitoring capabilities, as they can observe merchants’
sales, customer interactions, and reputation metrics in real time (e.g. Bouvard et al., 2022).
Unlike banks, which may struggle to verify borrowers’ cash flows, platform lenders can directly
track sales and enforce repayment through automated deductions from merchants’ platform
revenue (Gambacorta et al., 2022; Huang, 2023; Li and Pegoraro, 2023). Additionally, the
threat of banning defaulting merchants from the platform serves as an effective disciplinary
tool, reducing the likelihood of strategic default. These enforcement advantages enable platform
lenders to extend credit to collateral-constrained merchants, particularly for investments in

intangible assets like advertising, which traditional banks might be reluctant to finance.

2.2 A simple model of advertising and credit

In this section, we develop a two-period model to illustrate how merchants on an e-commerce
platform choose financing, advertising, and consumption under borrowing constraints. The
model links the platform lender’s enforcement advantage to merchants’ optimal advertising de-
cisions and provides a clear mechanism for the role of platform credit. Stronger enforcement
increases merchants’ ability to borrow and thus raises advertising investment, with the effect
being especially pronounced for high-quality firms that have higher expected returns to ad-
vertising. These theoretical results form the structural foundation of the paper and yield the
testable predictions that guide our empirical identification strategy.

At time 0, merchants allocate capital between early consumption and advertising, which

10



increases their visibility on the platform and attracts potential customers (investment into
customer capital). Merchants differ in their quality, which we model as their expected return
to advertising (i.e., their ability to convert their visibility on the platform into actual sales).
Consumption and advertising are in part funded with credit. If merchants default on their
loans in period two, they abscond with part of their cash flow from sales. Platform lenders
differ from traditional banks in that they can seize a larger fraction of this cash flow in default
(e.g., Gambacorta et al., 2022; Huang, 2023; Li and Pegoraro, 2023). The model generates
testable predictions about how platform credit increases merchants’ customer capital and sales
growth.

Merchants derive utility from consumption, with their expected utility expressed as:

Elu(co) + Bu(c1)], (1)

where u(c) is the utility function, ¢; denotes consumption in period t = 0, 1, and 5 < 1 represents

the intertemporal discount factor, reflecting the merchant’s time preference.

Advertising and Customer Acquisition At the beginning of the period 0, merchants
are endowed with a net worth mg, which they allocate between investment and consumption.
Merchants operate an online shop that generates cash flows y; at the end of period 1. To acquire
customers and to increase future sales, merchants invest in advertising at a cost x(lg) = klo,
where [y represents the number of advertising links posted on the platform and x denotes the
cost per link.

The number of customers that merchants acquire by posting an additional advertising link

is called the click-through rate z;. This rate is uncertain due to exogenous demand shocks, for
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example, caused by changing consumer preferences. We denote the distribution of z; as ®(z),

which is common knowledge among merchants and creditors.

Customer Base and Sales The deployment of [ links in period 0 generates a customer base
of ny = 211y in period 1. Once matched with customers, merchants generate sales, modeled as
y1 = yny, where v reflects the merchant’s quality, reputation, or sales efficiency. The quality

parameter 7 is known in period 0 before advertising decisions are made.

External Financing Merchants rely on external financing to fund their investment, borrow-
ing from traditional banks or the platform in period 0. The loan is repaid in period 1, with a
face value b; and an interest rate R;.
Default occurs if cash flows are insufficient to meet debt obligations, i.e., y; = z1yly < by.
The threshold 2; for default is:
A by o

5 =—=—, 2
' Yo Y 2)

where a; = ll’—; denotes the leverage ratio. Lenders set interest rates to break even:

b, - f;l Ay1d®(z1) + by f;l dd(z) B l_)(bhlo) )
Ry Ry Ry

where Ry is the risk-free rate, and A reflects the lender’s ability to recover cash flows in default.

1,lo)

The bounds z and z denote the support of z;, and B(bR—f represents the borrowing proceeds.

Platform Credit vs. Bank Credit Upon loan repayment in period 2, lenders receive b;. In
default, the lender’s ability to recover part of the face value depends on its ability to seize a share
of the merchant’s sales, i.e., to prevent the merchant from absconding with cash. We denote
this recovery rate as A\, which could vary, for example, by lender type. A natural interpretation

12



is that platform lenders have a larger A than banks because these platforms fully observe and
often process all payments between merchants and customers (e.g., Gambacorta et al., 2022;

Huang, 2023; Li and Pegoraro, 2023).

Merchant’s Optimization Problem: We summarize the merchant’s problem as follows:

max : u(c) + SEu(c;)
co,lo,b1,c1
subject to:
b
o = Mo+ E — QO(Z()) >0 (4)
c; = max{y; —by,0} (5)
ny = leo (6)
1= yn ="zl (7)
b ST d®() + [ bid () 5
R, Ry

Equation 4 is the budget constraint in period 0, under the assumption that consumption cg
is nonnegative. Equation 5 specifies the budget constraint in period 1, which incorporates the
limited liability condition for merchants. Equation 6 models the accumulation of the consumer
base, while Equation 7 formalizes the sales generation process. Lastly, Equation 8 specifies the

loan pricing condition, ensuring the lender’s breakeven condition is met.

Solving the model analytically: To simplify the analytical proof, we assume that mer-

chants are risk-neutral, with the utility function defined as u(¢) = ¢. Then the merchant’s
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optimization problem can be expressed as follows:

max (14 p)(mo + flar)lo — ¢(lo)) + g(ar)lo (9)

at,lo

where p is the Lagrangian multiplier of the non-negative consumption constraint mg+ f (o )lo —

©(lp) > 0, and functions f(«;) and g(ay) are defined as follows

flag) = Ri()\'y/alm 2d®(z) + o /z d@(z))

f z ai/y

7a1/’7

z ai/y

z

gb(z)dz)

gon) = 8 (v2—an)dd(2)

ai/y

z z

= By [ o)z par [ o)

1/ ai/y

Taking the first order conditions with respect to Iy and oy, we have:

(14 p)(f(ar) = k) +glar) =0 (10)
(L4 p) f'(a1) +g'(ar) =0 (11)
mo + f(Oél)lo — Iilo =0 (12)

14



where,

(o) = LOMe@y [ _a o

flon) = Rf(A o+ [ ol 7¢(7)>

/ . ap  Oq : ap Qryy z

gl = B(=Z0CH — [ ot Do) =8 | sl

Equations 10-12 pin down the Lagrangian multiplier ;* and the merchant’s optimal choice
of leverage o and advertising expense [j;. We derive the solution in closed form in Appendix A
and B under the assumption that z; follows a uniform distribution. Finally, we do comparative
statics of merchants’ leverage o, advertising expense [, customer base nj, and sales yj with
respect to the lender’s recovery rate A and with respect to merchant quality +. For a sufficiently

small advertising cost kK < % (ensuring that advertising has a positive NPV), Proposition
s

1 summarizes the following results:
Proposition 1.

1.1 Merchants advertise more if lenders can seize a larger share of merchants’ cash flows in

default: % >0

1.2 High-quality merchants increase advertising more than low-quality merchants when lenders’

- : . . A
ability to seize cash flows in default increases: v 0

1.8 Conditional on not defaulting, merchants’ customer base and sales increase in lenders’

aff nid®(z1)
O

d [Z yrd®(z1)

) >0

ability to seize cash flows in default: >0 and

Proof: See Appendixz A and B.

Proposition 1 summarizes how lenders’ ability A to seize merchants’ cash flows in default
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affects their advertising, their build-up of customer capital, and ultimately sales growth. In our
empirical setting, we test these predictions for merchants that gain (random) access to platform

credit, i.e., access to a lender with a higher A than traditional banks.

3 Empirical setting and predictions

Next, we describe the technical and advertising solutions of Alibaba’s e-commerce platform
Taobao (Section 3.1), the automated (and discontinuous) credit allocation of Alibaba’s lending
arm AntFinancial (Section 3.2), and a set of predictions that follow from Proposition 1 and

that can be tested in our empirical setting (Section 3.3).

3.1 Matching customers and merchants on Alibaba’s platform Taobao

Taobao is a Chinese e-commerce platform that belongs to Alibaba Group and matches buyers
and sellers in the market for consumer goods like clothing, cosmetics, etc. While Taobao offers
merchants the possibility to auction off (second-hand) articles, almost all merchandise is new
and sold at fixed prices. Merchants are small businesses and individual entrepreneurs that
essentially act as retailers and rarely manufacture merchandise themselves. As such, they have
few tangible assets apart from inventory (working capital). In terms of market size, Taobao
was China’s leading shopping app with nearly 650 million monthly active users as of November
2024.* Gross merchandise volume was reported as RMB 1.597bn in 2015 and grew to RMB
3.387bn in 2020.°

The large number of products and merchants helps the platform attract customers who value

‘https://www.statista.com/statistics/1044676/china-leading-shopping-apps-monthly-active-users/
7utm_source=chatgpt.com (February 20, 2025)

Shttps://www.statista.com/statistics/959633/china-taobao-gross-merchandise-volume/ (Febru-
ary 20, 2025)
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choosing from a range of different products. At the same time, the sheer breadth of supply
reduces the visibility of each individual merchant and increases customers’ search cost. The
platform provides different technical solutions that help match customers with merchants. First,
the platform features a search engine that suggests products based on customers’ keyword search
and their past shopping behavior. Second, to increase the visibility of their product listings,
merchants can buy advertising space on the platform from Taobao, typically in the form of
banners that redirect customers to the merchants’ shop page or product listing if customers
click on them.® Third, the platform invites customers to evaluate service and product quality
after completed transactions and aggregates and communicates these ratings on the merchant’s
shop page and product listings.” Fourth, Taobao features an instant messaging tool that allows
customers and merchants to exchange about a product or service. Hence, the platform reduces
frictions in the product market by enabling direct product search (search engine), increasing
product visibility (advertising), and removing asymmetric information between merchants and
customers (customer ratings and instant messaging).

As a byproduct of matching customers with merchants, Taobao collects large amounts of
data. For example, a merchant’s visibility among customers is known to Taobao as the num-
ber of customers that visit the merchant’s shop page or its individual product listings either
after searching for the merchant/product directly in the search engine or after clicking on an
advertisement banner. As a signal for a merchant’s reputation, the platform observes customer
ratings of product quality and service. The size of a merchant’s customer base can be measured

by the total number of customers who have not just visited the merchant’s shop page but actu-

SMore recently, Taobao has started to offer additional advertising formats, including Pay-for-Performance
(P4P) ads, which allow merchants to bid for higher placement in search results, and Al-driven personalized
recommendations known as Super Recommendations.

"Beyond customer ratings, Taobao provides additional trust signals, such as detailed product reviews with
images and videos, and Al-generated summaries of customer sentiment.
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ally bought one or several of its products in the recent past. Finally, Taobao has full visibility
of a merchant’s financial performance as it manages (via its affiliate payment service Alipay, in
a function similar to an escrow agent) all transactions between merchants and customers and,

in fact, directly deducts any platform fees before releasing the cash flow to the merchants.

3.2 Platform credit from Alibaba’s AntFinancial (Ant Group)

Alibaba’s AntFinancial, nowadays known as Ant Group, provides small business credit to mer-
chants on the e-commerce platform Taobao. The credit allocation process is fully automated
and encompasses credit scoring, loan approval decision, borrower communication, and loan
monitoring. Credit scoring is based on a model that considers a vast range of different vari-
ables, including information on past sales as the main input, the merchant’s customer base,
historical defaults, and other transaction data collected by Alibaba’s Taobao. Credit scores
range from 380 to 680. Before June 2015, merchants needed to surpass a threshold of 480,
motivated by a value-at-risk model, to qualify for a credit line. Additional exclusion criteria
were also considered, such as previous defaults on bank or trade credit (obtained from national
sources), poor customer service on the platform, and instances of fraud (e.g., suspicion of selling
counterfeit goods).

AntFinancial automatically computes and updates a credit score for each merchant at a
monthly frequency. When their score exceeds the threshold of 480 and they meet none of the
exclusion criteria, merchants receive an automated notification informing them that they qualify
for credit. Upon notification, the eligible merchant is prompted to complete a contract form,
which typically takes around 3 minutes. After submitting the form, merchants gain access

to a credit line whose terms are similar to those of a credit card. Borrowers are subject to
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continuous monitoring, and if their credit score falls below 480, their credit line is withdrawn
in the following month. They have a period of 12 months to repay any outstanding balance.
In our empirical analyses, we exploit the discontinuity at the credit-score cut-off point of 480
to draw causal inference. As we elaborate in Section 4.2.1, this discontinuity provides us with an
opportunity to investigate the effect of quasi-random access to platform credit on merchants’
investments in customer capital. We note that AntFinancial removed the discontinuity of
credit eligibility at a credit score of 480 after June 2015, which is the reason why our sample
includes only the first half of 2015. The credit allocation process described above is the one

that AntFinancial used during this sample period, but it may have changed since.

3.3 Empirical predictions

Our empirical setting can be mapped to our model in Section 2.2. In particular, we can exploit
the variation in lenders’ ability A to seize the cash of defaulting merchants. Initially, merchants
on Taobao only borrow from traditional lenders who do not observe (and have no direct recourse
to) their platform sales. After receiving access to credit from Alibaba, merchants can borrow
from a platform lender who processes all financial transactions with customers. This shock to

creditors’ enforcement technology allows us to restate Proposition 1.1 as a testable prediction:

Hypothesis 1. Advertising and platform credit
Platform credit increases investments into customer capital. Merchants on the e-commerce
platform Taobao increase advertising after they receive quasi-random access to credit from Ant-

Financial.

The null hypothesis to Hypothesis 1 is that merchants are able to finance all profitable
investments, including advertisement, even in the absence of platform credit. Under this null
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hypothesis, merchants are financially unconstrained ex ante and access to a lender with a better
enforcement technology is irrelevant (Modigliani and Miller, 1958). Vice versa, a positive effect
of platform credit on advertisement (Hypothesis 1) implies that merchants were unable to
unlock funding from traditional lenders who lack full recourse to merchants’ platform sales.

Our model explains the positive effect of platform credit on advertising (Hypothesis 1)
with platforms’ superior ability to seize the cash flows of defaulting merchants (Proposition
1.1). However, as discussed in Sections 1 and 2.1, alternative explanations are conceivable.
For example, the competitive advantage of platforms relative to traditional lenders could come
from privileged access to more data (better screening of borrowers’ risk types) or from positive
network externalities that make it profitable to lend to more merchants than banks would lend to
(e.g., Li and Pegoraro, 2023). Our identification strategy mutes those alternative explanations
because we study quasi-random access to platform credit. I.e., merchants with and without
access are comparable with respect to their risk type or platform externalities. The only thing
that changes for the randomly selected merchants is that they gain access to a lender with
superior enforcement technology.

Variation in merchants’ product and service quality is another important feature that we
can map into our model. In the model, merchants’ quality v determines the expected return to
advertising and, hence, the effect of platform credit on merchants’ advertisement investments.
In our empirical setting, merchants’ shop pages and product listings show their customer ratings
from past transactions. Stronger ratings should increase the probability that new customers

make a purchase after clicking merchants’ advertisement links.® Consistent with Proposition

8This prediction depends on buyers’ consideration for a merchant’s ratings. For example, if buyers expect
the customer ratings to be manipulated, they would pay them less attention. Nevertheless, as long as ratings are
somewhat informative, we expect that access to platform credit will especially boost advertising by merchants
with high customer ratings.
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1.2, we predict that quasi-random access to platform credit from Alibaba has a larger effect on

advertising for merchants with better ratings.”

Hypothesis 2. Merchant quality and platform credit
Especially high-quality merchants with strong customer ratings increase their investments into
intangible customer capital and advertise more following quasi-random access to credit from

AntFinancial.

While Hypothesis 2 follows naturally from the assumption that high-quality merchants find
advertisement more profitable, alternative explanations leading to the same prediction are also
conceivable. In particular, high- and low-quality merchants could be financially constrained
to different degrees, ex-ante. Under some conditions, adverse selection in traditional credit
markets could entail that high-quality merchants benefit more from access to platform credit
and, hence, increase investment (advertising) more (Stiglitz and Weiss, 1981). In general, the
heterogeneous effects of platform credit on investment can be due to differences in merchants’
financial constraints or due to differences in their investment opportunities. Disentangling both
channels is the topic of a large literature.'” We leave this question open for now but will return
to it in the empirical analysis (see Section 5.2).

Proposition 1.3 posits that lenders’ ability A to seize cash flows in default increases mer-
chants’ customer base and sales as a result of an increase in advertising. In our empirical setting,
featuring quasi-random access to a platform lender with superior enforcement technology, we

restate this prediction in Hypothesis 3:

9We note that quasi-random access to platform credit does not mean that all merchants have identical quality
(ratings). It means that the distribution of quality is identical among the merchants with and without access.

10The challenge of disentangling the effects of investment opportunities and financial constraints on investment
has been discussed, for example, in the literature on cash flow-sensitivities of investment (Fazzari et al., 1988;
Kaplan and Zingales, 1997; Erickson and Whited, 2000; Faulkender and Petersen, 2012).
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Hypothesis 3. Platform visibility, sales growth, and platform credit
Merchants borrowing from the platform to finance advertising perform better in terms of cus-

tomer wisibility on the platform and sales subsequently.

As especially high-quality merchants are predicted to advertise (Hypothesis 2), we also
expect that especially high-quality merchants improve their sales performance and customer
acquisition ex post. However, some papers predict that platforms find it optimal to subsidize
(for example, through cheap funding) low-quality merchants because this practice increases
product range and generates positive network externalities (e.g., Li and Pegoraro, 2023). A
priori, it is unclear how the performance of these low-quality merchants should evolve compared

' Our empirical setting does not speak to this prediction.

to that of high-quality merchants.
As explained in Section 4.2, we study quasi-random access to platform credit. As such, credit
supply by the platform is not conditional on merchant quality or any network externalities
that different merchants might generate. Of course, demand for platform credit might still vary

across different merchants that gain access, but we predict (Hypothesis 2) and show empirically

(Section 5.2) that mostly high- and not low-quality merchants increase investment.

4 Data and methodology

In Section 4.1, we explain the origin and construction of our regression sample. In Section
4.2, we show validity checks for our RDD estimation and describe the regression specification.

Section 4.3 provides summary statistics for our main variables

HPperformance will depend jointly on quality and on the subsidies from the platform.
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4.1 Sample construction and data structure

The original database comprises the universe of merchants and their transactions on the e-
commerce platform Taobao. Alibaba automatically collects and stores this data on a monthly
basis. Initially, we were given access to data for the period from September 2014 to July
2015. During this timeframe, Taobao hosted approximately 3.5 million merchants, correspond-
ing to more than 35 million merchant-month observations. However, the substantial size of this
database, restrictions on software for statistical analysis, as well as other constraints, make it
impractical to examine the entire database. Specifically, the discontinuity in credit eligibility,
which we use for identification in this paper, was lifted in July 2015 and occasionally suspended
in 2014. For these reasons, Alibaba provided us with a subsample that only includes obser-
vations from the first half of 2015, when the eligibility threshold was active. Additionally, we
restrict the regression sample to observations with credit scores within a narrow bandwidth cen-
tered at the eligibility threshold of 480 and delete observations with scores below 460 or above
500. The resulting subsample concentrates on the relevant months and merchants necessary
for empirical identification, reducing its size to a more manageable 658,311 observations. For
confidentiality purposes, the sample is stored on a standalone computer located at Alibaba’s
headquarters and can only be accessed on-site.!?

In the extracted subsample, one observation corresponds to a merchant-month pair (i,t).
For the correct specification of our analyses, it is important to understand the structure of this
panel. In particular, there is a one-month lag in the relation between a merchant’s credit score
and his or her eligibility for credit from Ant Financial. More precisely, whether merchant ¢

has access to credit in month ¢ depends on the score registered for ¢t — 1. The reason is that

12The computer has no internet connection nor interfaces with electronic media.
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credit scores are normally reviewed at month’s end, in which case any consequences for credit
eligibility only take effect in the following month. Hence, in an RDD, the forcing variable for
credit access would be the one-month lagged credit score.

Another important characteristic of our dataset is that although the sample frequency is
monthly, some variables, notably our main variable of interest, merchants’ advertising expenses,
are only reported as rolling three-month aggregates. This is illustrated in Figure 1. For example,
if t corresponds to January 2015, then the variable Advertising expense past 3mth reports the
aggregate advertising expenses of merchant ¢ in November, December, and January. Another
variable Advertising expense future 3mth reports total advertising expenses in the subsequent

three months: February, March, and April.

4.2 Methodology

4.2.1 Validity checks for regression discontinuity design

Hypotheses 1 to 3 in Section 3.3 make predictions about the effects of platform credit on
merchants’ investments in customer capital (advertising). To identify causality, we use a fuzzy
RDD in our empirical analyses. In this section, we describe the discontinuity in the credit
approval algorithm, provide evidence that the sorting of merchants slightly below or above this
discontinuity is quasi-random, and show that there is no discernible difference in ex ante (i.e.,
lagged) advertising between merchants that stay below the discontinuity and merchants that
will move across the threshold.

Figure 2 shows a regression-discontinuity plot presenting the average credit eligibility across

nine bins below and above a credit score threshold of 480.'% At the cutoff point, there is a

13 As explained in Section 4.1, the forcing variable for credit access in month ¢ is the credit score at month’s
end t — 1. Hence, we construct the bins in Figure 2 with respect to merchants’ lagged credit scores.
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discrete jump of approximately 0.25 in the probability of being eligible for credit. However,
the discontinuity is not entirely precise, as even some merchants with scores slightly below 480
are still eligible for credit, whereas some merchants with scores above 480 are denied credit
access. The reasons for this can be attributed to two factors. First, as discussed in Section 3.2,
AntFinancial employs additional credit exclusion criteria such as past defaults, poor service on
Taobao, etc. Although we do not directly observe these criteria, they likely account for why
a score above 480 does not guarantee credit access. Second, although AntFinancial normally
updates credit scores at the end of each month, there are a few exceptions in which credit
scores are calculated within the month, for example, when a recently listed merchant receives
its credit score for the first time or when new information becomes available for a previously
inactive merchant. It is possible that in some of these cases, the “within-month credit score”
initially exceeds 480 but then falls below the cutoff by the end of the month. Importantly,
although a score below 480 eventually renders the merchant ineligible for credit, AntFinancial
withdraws credit access at the earliest in the next month. As a result, some merchants with a
score below the threshold can still be credit-eligible at month’s end. Given the lack of a sharp
discontinuity in Figure 2, we will use a “fuzzy” RDD approach in our empirical analyses.

An important prerequisite for the validity of RDD is that agents do not manipulate the
forcing variable. In our case, we have several reasons to believe that this condition is satisfied.
First, merchants do not observe their credit scores and do not know how they are calculated.
Hence, it seems highly unlikely that they are able to manipulate them. Second, Figure 3
shows a histogram depicting the credit scores of merchants close to the threshold of 480. The
distribution exhibits a well-behaved and smooth pattern around the cutoff point, suggesting

again that merchants are not manipulating their scores to gain credit access.
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Finally, to identify the causal effect of platform credit on advertising in an RDD setting, we
need to ensure that merchants that move across the cutoff of 480 and merchants that do not are
comparable ex ante. In particular, we check whether switching and non-switching merchants
already exhibit differences in advertising beforehand. Panel A of Figure 4 shows that this is not
the case. Merchants that stay below 480 and merchants that switch from below to above 480
at the end of the month ¢ have similar lagged advertising expenses throughout months ¢ — 2,
t — 1, and t. The Kernel densities are almost identical in both cases'*. In Panel B of Figure 4,
we plot a similar graph for merchant sales in ¢t — 2, ¢t — 1, and ¢. Again, the Kernel densities are

almost identical for switching and non-switching merchants.

4.2.2 Regression specification

We implement the fuzzy RDD as a 2-stage instrumental variable (IV) regression in changes. In
the first stage, we use changes in the credit score across the discontinuity to instrument changes
in credit access. In the second stage, we regress changes in merchants’ advertising expense on
instrumented changes in credit access.

We ensure that the exact specification of the IV accounts for the particular structure of
our data. As explained in Section 4.1, two aspects of our data are important. First, credit
access in month ¢ depends on the credit score at the end of month ¢ — 1. Second, advertising
expenses are only reported as rolling three-months aggregates. Figure 5 illustrates how our
IV model accounts for this setting, showing an example for ¢ = January 2015. As we only
observe advertising expense aggregated over three months, we define the dependent variable in

the second stage of the IV as a quarterly change. In the example depicted in Figure 5, this

would be the difference between aggregated advertising expenses in February, March, and April

14The hump on the right tail is due to variable winsorization.
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and expenses in November, December, and January, that is, Advertising expense future 3mth —
Advertising expense past 3mth. To account for varying firm size, we standardize this quarterly
change in advertising expenses by lagged sales. Alternative ways of standardizing changes in
advertising would include the use of log growth rates or percentage growth rates. However, as
advertising expenses are often zero, especially for merchants that do not qualify for credit yet,
we would loose many observations. Standardizing by lagged sales avoids this issue. To ensure
that the standardization by sales is not endogenous to changes in merchants’ credit eligibility,

we use the two-month lag of sales in ¢ — 2:

- Advertising expense future 3mth, , — Advertising expense past 3mth, ,
A Advertising expense; , = : :

)

3 x Sales; ;o

(13)
where we scale monthly sales in ¢t — 2 by factor 3 to be consistent with quarterly frequency.
We use this same normalization by lagged sales also for the other dependent variables in our
analysis to facilitate comparison of coefficient estimates.'®

Since the dependent variable is defined as the quarterly change in advertising expenses, we
also consider the quarterly change in credit access, which we calculate as the change in credit
eligibility between quarter midpoints. In Figure 5, this would be the change in credit eligibility
between December and March. For the credit score (i.e., our forcing variable or instrument),
we proceed in the same way. However, we measure credit scores one month earlier than credit
eligibility, due to the one-month lag in the relation between a merchant’s credit score and his

or her access to credit (see Section 4.1).

15For example in Figure 5, we would standardize Advertising expense future 3mth — Advertising expense past
3mth by sales in November.
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The second stage of the IV is specified as in Equation (14):

AAdvertising expense;, = 3 Credit ineligible — eligible; , + Controls + €;; (14)

where A Advertising expense is the quarterly change in advertising expenses defined in Equation
(13). The binary variable Credit ineligible — eligible equals one if merchants’ credit access
switches from “ineligible” to “eligible” between quarters, and zero otherwise. The vector of
Controls includes the continuous change in the credit score as well as industry and month
fixed effects.'® In keeping with Hypothesis 1, we predict that the coefficient estimate for 3 in
Equation (14) is positive. Financially constrained merchants invest more into customer capital
(advertise more) after receiving access to platform credit. In the first stage of the IV, we regress
Credit ineligible — eligible on the instrument CS below 480 — above 480 and the same set of

controls as in Equation (14):

Credit ineligible — eligible;, = v CS below 480 — above 480; , + Controls + i (15)

where the binary variable CS below 480 — above 480 equals one if merchants’ credit score
switches from below 480 to above 480 between quarters, and zero otherwise. We cluster standard
errors at the industry level.'”

One concern about our methodology could be that we are using a monthly panel to estimate a
regression model whose variables are measured at a rolling quarterly horizon and, hence, overlap

across adjacent months (Figure 1). To address this concern, we also estimate the IV model as

16We use the proprietary industry classification used by Alibaba.

17Conventionally, a minimum of 50 clusters is considered as the threshold for clustering to be valid. The
merchants in our regression sample are distributed across more than 100 industries, as defined by Alibaba. Note
that the short length of the panel does not allow us to cluster by time.
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a cross-sectional regression for each month separately. Specifically, we run Equations (14) and
(15) in separate subsamples for ¢ = January 2015, ¢t = February 2015, ¢ = March 2015, etc. Each
of these individual regressions only considers one cross-section of quarterly changes, and there
is no overlap in rolling variables. As we will show in Section 5, the coefficient estimates and

standard errors are similar in these subsample regressions and in the pooled panel estimation.

4.3 Summary statistics

Table 1 shows summary statistics for the regression sample studied in the empirical analysis.
As explained in Section 4.1, our sample is restricted to merchants with credit scores ranging
between 460 and 500. The sample mean and median of the credit score C'S equal 483 and
485, respectively. Hence, the distribution of credit scores centers around the discontinuity of
the credit allocation process at 480. Credit eligibility is a binary variable that equals one if a
merchant qualifies for credit from AntFinancial in a given month and zero otherwise. Merchants
with credit access account for 63% of all observations. The average stock of outstanding credit
that merchants have not repaid yet equals RMB 14,413 and has a standard deviation of RMB
32,436. The small credit amounts can be attributed to the prevalence of small businesses
and individual entrepreneurs among the merchants on Taobao. Indeed, average sales over last
three months equal only RMB 96,302 and even the 90th percentile equals only RMB 232,100.
Average advertising expense equals RMB 2,445, but the distribution is skewed with the median
of advertising expense being zero. Shop visibility among customers is also distributed unevenly
with a few merchants being visited much more often than the majority.

In Panel B of Table 1, we report the summary statistics for the variables in changes we

use in the regressions. The quarterly change in the credit score has a mean of only —2.4 but
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a standard deviation of 19.82, which is sizeable considering that our sample is restricted to a
bandwidth of scores between 460 and 500. A total of 16% of all observations correspond to
cases in which merchants’ credit scores transition from below to above the threshold of 480
between quarters. Likewise, 17% of the sample corresponds to cases in which AntFinancial
grants credit access to previously ineligible merchants. The similar distributions of CS below
480 — above 480 and Credit ineligible — eligible highlight that the credit score threshold at
480 is indeed the primary determinant of credit access. Our dependent variable A Advertising
expense has a mean close to zero but its standard deviation is much larger at 0.15. Like A
Advertising expense, the variables A Sales, A Shop wvisits, and A Credit amount are defined as

quarterly changes and standardized by lagged sales. Variables are winsorized at the 1% level.

5 Empirical Analysis

We now turn to the empirical analysis of Hypotheses 1 to 3. In Section 5.1, we establish that
quasi-random access to platform credit leads Taobao merchants to invest more in customer
capital through advertising. In Section 5.2, we show that this effect is stronger for high-
quality merchants with better ratings. In Section 5.3, we provide evidence that platform-
financed advertising improves merchants’ visibility among customers and ultimately their sales

performance.

5.1 Advertising and platform credit

We begin by estimating the 2-stage IV regression model that was introduced in Section 4.2.2 as
a test for Hypothesis 1. Table 2, Panels A and B show the first and second-stage regressions,

respectively. In column 1, we estimate the IV in the full data set pooling all months from
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January to May 2015. The coefficient of 0.255 in the first stage is positive and statistically
significant. Merchants whose credit scores move across the threshold of 480 are 25% more
likely to receive access to platform credit from AntFinancial. This regression estimate of 25% is
similar to the discrete jump in credit-eligibility at a score of 480 observed in Figure 2. Hence, the
first stage of our IV seems to model the discontinuity in the credit allocation process correctly.®

Panel B of Table 2 shows the corresponding second-stage regression for the effect of an
instrumented change in credit access on merchants’ advertising expenses. The coefficient esti-
mate of 0.024 in column 1 is statistically significant and large compared to a sample mean and
standard deviation of only 0.02 and respectively 0.15 for A Advertising expense. As this depen-
dent variable is standardized by lagged sales, the coefficient implies that for each RMB in sales,
merchants increase advertising by an additional RMB 0.024 in the next quarter. Consistent
with Hypothesis 1, this result suggests that merchants were financially constrained initially and
thus underinvested in customer capital before accessing platform credit.'?

As explained in Sections 4.1 and 4.2.2, our regression model must account for the particu-
lar structure of our data. Whereas the sample frequency is monthly, advertising expenses are
only reported as rolling three-month aggregates. Hence, the regression variables overlap be-
tween adjacent months when we use the full panel of merchant-month observations in column
1 of Table 2. To show that this particular structure does not have any undue effects on our

estimation, we re-estimate the IV model as cross-sectional regressions for each month in our

sample separately. These subsample regressions are shown in columns 2 to 6. We find that the

18See Section 4.2.1 for our validity checks of the RDD.

19 Assume the opposite was true and merchants were financially unconstrained initially. In that case, they
would be able to finance advertising already before gaining access to platform credit. More generally, in the
absence of financial frictions, merchants’ investment decisions would be independent of access to platform credit
(Modigliani and Miller, 1958). In particular, advertising would not depend on platform credit. The fact that
platform credit boosts advertising in reality allows us to reject this null hypothesis (see Section 3.3).
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estimation is largely robust across the different subsamples. Importantly, the effect of credit
access on advertising (Panel B) is always positive and statistically significant in all subsamples
except in the cross-section for January 2015 (column 2). In the subsamples for February to
May 2015, the point estimates vary between 0.014 and 0.033 and are thus distributed around
the panel estimate of 0.024 in column 1.

The increase in advertising expenses following credit access accounts for a sizeable part of
the funds that merchants borrow from AntFinancial. In Table 3, column 1, we use the change
in credit A Credit amount as the dependent variable in the second stage of the IV (Panel
B). Unsurprisingly, (instrumented) credit access has a positive effect on merchants’ borrowing.
The second-stage coefficient of 0.145 is roughly six times as large as the coefficient of 0.024 in
the original IV model for A Advertising expense, which is reproduced in column 2 of Table 3
for ease of comparison. In other words, merchants use 17% (= 0.024/0.145) of their platform
credit to finance new advertising expenses. We note that we can compare the coefficients for
A Credit amount and A Advertising expense in columns 1 and 2 because both variables are
standardized identically (by lagged sales). Nevertheless, we also re-estimate the pass-through
of credit to advertising in a single regression model. In column 3 of Table 3, we directly regress
A Advertising expense on A Credit amount, which is itself instrumented by CS below 480 —
above 480. The second-stage coefficient of 0.168 again suggests that roughly 17% of credit
passes through to advertising. In general, the results in column 3 are fully consistent with the
first and the second stages in columns 1 and 2.2

Overall, the evidence in Tables 2 and 3 suggests that, consistent with Hypothesis 1, access

20In column 1, A Credit amount increases by on average 0.037 (=~ 0.256 * 0.145) when a merchant’s credit
score transitions from below to above 480. This number is identical to the first-stage coefficient in column 3.
The pass through of credit to advertising of 16.8% in the second stage of column 3 is identical to the pass
through implied by the stage-two coefficients in columns 1 and 2 (17% == 0.024/0.145).
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to platform credit increases merchants’ investments in customer capital, possibly by relaxing

financial constraints that initially prevent merchants from advertising.

5.2 Merchant quality and platform credit

Next, we analyze how the effect of platform credit on advertising depends on the ex ante quality
of Taobao merchants (Hypothesis 2). Table 4 shows an adjusted version of our IV model. In
the second stage (column 3), we regress A Advertising expense on an additional interaction
term Credit ineligible — eligible x High quality. The binary variable High quality equals one
if the merchant’s lagged customer rating for product quality, delivery, and service exceeds the

21 Column 2 shows the first stage for the new interaction

sample median, and zero otherwise.
term C'redit ineligible — eligible x High quality. The IV model is just-identified, as we include
one additional instrument, the interaction term CS below 480 — above 480 x High quality.
In column 3, the second stage shows a significant coefficient of 0.049 for the instrumented
interaction term Credit ineligible — eligible x High quality, whereas the coefficient of —0.002
for the base variable Credit ineligible — eligible is essentially zero. As predicted by Hypothesis
2, platform credit only boosts advertising by high-quality merchants. In principle, there are
two plausible explanations for this heterogeneous effect on high and low-quality merchants:
(i) advertising is only profitable for high-quality merchants; (ii) only high-quality merchants
are financially constrained before receiving platform credit. Explanation (i) is the one we
also propose in our model in Section 2.2: When a potential buyer on Taobao clicks on an

advertisement link and is redirected to a merchant’s shop page, he or she will be more inclined

to actually buy something if the shop page shows excellent ratings by the merchant’s past

21 High quality is based on the equally weighted average of three ratings for quality, delivery, and service.
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customers. By contrast, the bad ratings of low-quality merchants likely deter the potential
buyer. Hence, advertising could have a higher expected return for high-quality merchants, who
therefore increase advertising when they receive platform funding.

Explanation (ii), on the other hand, states that access to platform credit only increases
advertising by high-quality merchants because they are more financially constrained than low-
quality merchants ex ante.?” However, two arguments speak against this alternative explana-
tion. First, a prerequisite for adverse selection is asymmetric information between borrowers
and lenders. But in Table 4, our measure of merchant quality is based on customer ratings,
which are publicly observable and available to traditional banks, too. Second, further evidence
suggests that financial constraints are not stronger but in fact weaker for high-quality merchants:
Table 5 reports a similar IV model as Table 4 but uses A Credit amount as the dependent vari-
able in the second stage (column 3). The coefficient of —0.214 for the interaction term Credit
ineligible — eligible x High quality shows that the uptake of platform credit is lower for high
than for low-quality merchants. To be sure, total credit uptake of 0.051 (= 0.265—0.214) is still
positive for high-quality merchants. However, the uptake by low-quality merchants is about
5 times larger (5 ~ 0.265/0.051). Considering their stronger credit uptake, low-quality mer-
chants seem to have been more financially constrained than high-quality ones before qualifying
for credit from AntFinancial.?

Importantly, the high-quality merchants use almost all their platform credit for advertising,

as their uptake of 0.051 (= 0.265 —0.214) closely matches their increase in advertising expenses

22 As discussed in Section 3.3, high-quality borrowers can suffer from credit rationing due to adverse selection
in bank credit markets (Stiglitz and Weiss, 1981). As a result, high-quality merchants would benefit more from
platform credit and advertise more than low-quality merchants even if advertising profitability was identical.

230Qur analysis remains agnostic about the reasons why low-quality merchants would be more financially
constrained. One possible explanation could be that moral hazard is a larger concern for low-quality merchants,
which thus struggle more to obtain bank funding in the absence of platform credit (see Section 3.3). For example,
Bester (1994) predicts that traditional lenders worry more about strategic default for riskier borrowers.
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by 0.047 (= 0.049 — 0.002) in Table 4.** Overall, we draw the following conclusions from Tables
4 and 5: After receiving quasi-random access to platform credit, both low and high-quality
merchants borrow from AntFinancial, suggesting that both were financially constrained ex ante.
However, the larger credit uptake by the low-quality merchants suggests that their financial
constraints have been relatively tighter. Consistent with the hypothesis that advertising is more
profitable for high-quality merchants with good customer ratings, we observe that the high-
quality merchants use their platform credit almost exclusively for an increase in advertising,

whereas advertising by low-quality merchants remains unchanged.

5.3 Platform visibility, sales growth, and platform credit

In Section 3.3, Hypothesis 3 predicts that platform-financed advertising allows merchants to
build customer capital and ultimately to grow faster. Indeed, existing research has shown that
customer capital is one of the most important determinants of firm profitability and growth,
especially for small firms and entrepreneurs (Ferraz et al., 2015; Foster et al., 2008, 2016). If
this narrative is correct, we should observe that merchants who use platform credit to increase
advertising perform better in terms of customer visibility and sales in subsequent months.
Table 6 reports second-stage regression for quarterly changes in the number of buyers that
visit a merchant’s shop page (columns 1 and 2) and for quarterly changes in sales (columns 3 and
4).% Columns 1 and 3 show regressions without interaction terms. The positive and significant
coefficient estimates for Credit ineligible — eligible reveal that shop visits and sales increase for

the average Taobao merchant that gains access to credit from AntFinancial. Importantly, the

24We can compare the effects of platform credit on A Credit amount and A Advertising expense because both
dependent variables are calculated as absolute changes in RMB standardized by lagged sales.

25 As all previous dependent variables, A Shop page visits and A Sales are standardized by lagged sales in the
month prior to when we measure any potential change in credit eligibility (see Section 4.2.2).
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increase in shop page visits is concentrated among those merchants that were previously shown
to increase advertising. In column 2, the effect of platform credit on A Shop page visits is only
0.015 for the low-quality merchants but 0.143 (= 0.015 + 0.128) for high-quality merchants.
As high-quality merchants spend their platform credit almost exclusively on advertising (see
Section 5.2), we are confident that the effect of platform credit on shop visits operates indeed
through advertising and not through other investments. The increase in shop visits reflects an
increase in visibility among customers, which seems to translate into higher revenues. Column
4 shows that only the high-quality (advertising) merchants manage to grow their sales in the
months following access to platform credit. By contrast, the effect on A Sales is much smaller
and statistically insignificant for the low-quality (non-advertising) merchants.

Consistent with Hypothesis 3, our findings suggest that platform credit relaxes financial con-
straints, thereby allowing high-quality merchants to build customer capital in the form of higher
shop visibility and demand. By contrast, low-quality merchants experience no improvement in

visibility or sales, consistent with our finding that they do not borrow to advertise.

6 Conclusion

Our analyses show that access to platform credit can play a significant role in overcoming
financial constraints faced by small merchants on e-commerce platforms, enabling them to
invest in customer capital through increased advertising. Studying quasi-random access to
platform credit from Alibaba, we establish that financially constrained firms can use platform
funding to boost visibility and drive sales growth. The impact of platform credit is particularly
pronounced among high-quality merchants, who allocate a greater portion of their borrowing to

advertising, resulting in the acquisition of more customers. Overall, our study suggests unique
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advantages of platform lenders in providing credit for intangible assets, such as customer capital,

that are difficult to collateralize and may, hence, remain unfunded by traditional banks.
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Figure 1: Data structure
This figure illustrates our data structure. The sample frequency is monthly, but advertising
expenses are reported as rolling three-months aggregates.

Nov Dec Jan Feb Mar Apr May June July Aug

Advertising Past 3 Mth, Advertising Future 3 Mth, |

Advertising Past 3 Mthy,; Advertising Future 3 Mth,,;

Advertising Past 3 Mth,,, Advertising Future 3 Mth,,,
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Figure 2: Discontinuity graph
This figure shows average credit eligibility (vertical axis) across bins of credit scores around the
cutoff at 480 in the credit allocation process (horizontal axis).
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Figure 3: Histogram of credit scores
This figure shows the distribution of credit scores between 460 and 500.

Density

I I | | 1
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Credit score of previous month
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Figure 4: Panel A (Distribution of lagged advertising expense)

This figure shows Kernel desnisities of lagged advertising expense standardized by lagged sales
for merchants with an initial credit score below the cutoff at 480 that either transition above a
score of 480 (blue line) or remain below 480 (red line). The Kernels are drawn for merchants with
strictly positive advertising expense; the hump on the right tail is due to variable winsorization.
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Panel B (Distribution of lagged sales)
This figure shows sales of the recent three months for merchants with an initial credit score
below the cutoff at 480 that either transition above a score of 480 (blue line) or remain below
480 (red line); outliers in the right tail are not plotted.
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Figure 5: Timing of credit eligibility
This figure illustrates when we measure (changes in) merchants’ credit scores and credit eligi-
bility status for the example of t = January 2015.
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Table 1: Summary statistics
This table reports summary statistics for the variables used in our regression analysis. The
sample comprises merchants with a credit score (CS) between 460 and 500 and the period from
January to May 2015. Panels A and B report variables in levels and in changes, respectively.
The variables in changes, A Advertising expense, A Sales, A Shop visits, and A Credit amount,
are standardized by lagged sales as shown in Equation (13). All variables are winsorized at 1%.

Obs. Mean S.D. P10 P25 P50 P75 P90

(1) (2) (3) (6) (7) (8) (9) (10)
Panel A: Variables in levels
cs 658,311 483.49 10.38 468.16 475.70 484.70 492.15 496.63
Credit eligible 658,311 0.63 0.48 0.00 0.00 1.00 1.00 1.00
Credit amount 658,311 14,412.61  32,435.86 0 5,000 10,000 11,000 21,450
Sales 658,311 96,301.74 163,430.04 8,200 16,700 38,600 97,100 232,100
Advertising expense 658,311  2,445.26 8,007.30 0 0 0 700 5,400
Shop wisits (per month) 658,311 495.55 4,074.06 0 100 100 300 800
Customer rating 658,311 4.68 0.49 4.47 4.64 4.75 4.86 4.96
Panel B: Variables in changes
A CS 658,311 -2.40 19.82 -27.79 -14.42 -1.59  10.18 21.71
CS below 480 — above 480 658,311 0.16 0.37 0.00 0.00 0.00 0.00 1.00
Credit ineligible — eligible 658,311 0.17 0.37 0.00 0.00 0.00 0.00 1.00
A Advertising expense 658,311 0.02 0.15 -0.02 0.00 0.00 0.00 0.04
A Sales 646,350 0.68 4.63 -1.06 -0.56 —-0.26 0.40 2.32
A Shop wisits 648,190 -0.01 0.64 -0.33 -0.14 -0.05 0.02 0.27
A Credit amount 648,192 -0.09 0.99 -0.55  -0.10 0.00 0.02 0.35
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Table 2: Effect of platform credit on advertising

This table shows coefficient estimates from 2-stage least squares instrumental variable (IV)
regressions. Panels A and B report the first and second stage, respectively. In the first stage,
Credit ineligible — eligible equals one if merchants’ credit access switches from “ineligible” to
“eligible” between quarters, and zero otherwise. It is instrumented with CS below 480 — above
480, which equals one if merchants’ credit score switches from below 480 to above 480. A
Advertising expense is the quarterly change in advertising expenses normalized by lagged sales.
All columns control for industry fixed effects and the continuous change in the credit score.
Column 1 additionally controls for time fixed effects. The sample is restricted to merchants
with a credit score between 460 and 500. In column 1, we estimate the IV in the full data set
pooling all months from January to May 2015. In columns 2 to 6, we estimate the IV model
as cross-sectional regressions for each month in our sample separately. Robust standard errors
are clustered at the industry level. Significance at the 10%, 5%, and 1% level is indicated by
*OF* and ¥ respectively.

(1) (2) (3) (4) () (6)

Panel A: First-stage regressions

Credit ineligible — eligible

CS below 480 — above 480 0.255%F%  (.173%FF  (,.320%FF  (,333FKF (. 312%KF (. 119%F*
(0.006) (0.008)  (0.008)  (0.011)  (0.011)  (0.004)

Panel B: Second-stage regressions

A Advertising expense

Credit ineligible — eligible 0.024*** 0.004 0.021%%*  (0.033*** 0.014** 0.033***
(instrumented) (0.003) (0.008) (0.005) (0.004) (0.007) (0.008)
Controls Yes Yes Yes Yes Yes Yes
Sample period: All months Jan 2015 Feb 2015 Mar 2015 Apr 2015 May 2015
Obs. 658,304 129,903 133,220 137,774 132,744 124,646
F-stat of excluded instrument 1,859.8 475.2 1520.1 989.8 770.9 948.5
Bandwidth (CS) [460;500] [460;500] [460;500]  [460;500]  [460;500]  [460;500]
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Table 3: Pass-through of platform credit to advertising

This table shows coefficient estimates from 2-stage least squares instrumental variable (IV)
regressions. Panels A and B report the first and second stages, respectively. In columns 1 and
2, we instrument Credit ineligible — eligible with CS below 480 — above 480. In the second
stage, the dependent variables are A Credit amount and A Advertising expense in columns 1
and 2, respectively. In column 3, we directly instrument A Credit amount by CS below 480
— above 480 in Panel A to explain A Advertising expense in Panel B. A Credit amount is
defined as the quarterly change in outstanding credit normalized by lagged sales. All other
variables and controls are identical to those in column 1 of Table 2. The sample is restricted
to merchants with a credit score between 460 and 500 and the month January to May 2015.
Robust standard errors are clustered at the industry level. Significance at the 10%, 5%, and
1% level is indicated by *, ** and ***, respectively.

(1) (2) (3)

Panel A: First-stage regressions

Crredit ineligible — eligible  Credit ineligible — eligible A Credit amount

CS below 480 — above 480 0.255%** 0.255%** 0.037%**
(0.006) (0.006) (0.006)

Panel B: Second-stage regressions

A Credit amount A Advertising expense A Advertising expense
Credit ineligible — eligible 0.145%*** 0.024***
(0.026) (0.003)
A Credit amount 0.168***
(0.026)
Controls Yes Yes Yes
Obs. 648,184 658,304 648,184
F-stat of excluded instrument 1,844.2 1,859.8 36.29
Bandwidth (CS) [460;500] [460;500] [460;500]
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Table 4: Merchant quality, platform credit, and advertising

This table shows coefficient estimates from 2-stage least squares instrumental variable (IV)
regression. The IV model is similar to the one in Table 2 except that the second stage, reported
in column 3, further includes the regressor High quality and its interaction Credit ineligible
— eligible x High quality. The model has two first stages reported in columns 1 and 2 and
is just-identified by the instruments CS below 480 — above 480 and CS below 480 — above
480 x High quality. High quality is a binary variable that equals one if the merchant’s lagged
customer rating exceeds the median, and zero otherwise. All other variables and controls are
identical to those in column 1 of Table 2. The sample is restricted to merchants with a credit
score between 460 and 500, and the months January to May 2015. Robust standard errors are
clustered at the industry level. Significance at the 10%, 5%, and 1% level is indicated by *, **,
and *** respectively.

(1) (2) (3)

First stages
Second stage

Credit ineligible  Credit ineligible — eligible A Advertising

— eligible X High quality expense
CS below 480 — above 480 x High quality —0.005 0.324%**
(0.007) (0.005)
CS below 480 — above 480 0.257%** —0.042%%*
(0.009) (0.005)
Credit ineligible — eligible x High quality 0.049***
(0.005)
Credit ineligible — eligible —0.002
(0.003)
High quality 0.035%** 0.132%** 0.001
(0.002) (0.003) (0.001)
Controls Yes Yes Yes
Obs. 658,304 658,304 658,304
F-stat of the excluded instruments 1,615.4 2,885.8 —
Bandwidth (CS) [460;500] [460;500] [460;500]
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Table 5: Merchant quality and credit uptake
This table shows coefficient estimates from 2-stage least squares instrumental variable (IV)
regression. The IV model is identical to the one in Table 4 except that the dependent variable
in the second stage is A Credit amount. The sample is restricted to merchants with a credit
score between 460 and 500, and the months January to May 2015. Robust standard errors are
clustered at the industry level. Significance at the 10%, 5%, and 1% level is indicated by *, **,

and *** respectively.

CS below 480 — above 480 x High quality

CS below 480 — above 480

Credit ineligible — eligible x High quality

Credit ineligible — eligible

High quality

Controls

Obs.

F-stat of the excluded instruments
Bandwidth (CS)

(1)

(2)

First stages

(3)

Second stage

Credit ineligible
— eligible

—0.005
(0.007)
0.257%%*
(0.009)

0.035%#*
(0.002)

Yes
658,304
1,634.1
[460;500]

Credit ineligible — eligible
X High quality

0.324 %%
(0.005)
—0.042%%*
(0.005)

0.132%%*
(0.003)

Yes
658,304
2,908.4

[460;500]

A Credit amount

—0.214%%%
(0.036)
0.265%%*
(0.025)

—0.089%#*
(0.006)

Yes
648,184

[460;500]
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Table 6: Platform visibility, sales growth, and platform credit

This table shows coefficient estimates from 2-stage least squares instrumental variable (IV)
regression. Only the second-stage regressions are reported. The dependent variables are A
Shop page visits in columns 1 and 2 and A Sales in columns 3 and 4. Both are defined as
quarterly changes and measure the number of customers that visit a merchant’s shop page and
its sales normalized by lagged sales. All other variables and controls are identical to those in
previous tables. The IV models in columns 1 and 3 each have one first stage, which is identical
to the first stage in column 1 of Table 2. The IV models in columns 2 and 4 each have two
first stages, which are defined as in Tables 4 and 5. The sample is restricted to merchants with
a credit score between 460 and 500, and the months January to May 2015. Robust standard
errors are clustered at the industry level. Significance at the 10%, 5%, and 1% level is indicated
by *, ** and ***, respectively.

B 2) 3) (1)
Second-stage regressions
Dependent variable: A Shop page visits A Sales
Credit ineligible — eligible 0.085%** 0.015 1.266%** 0.081
(0.027)  (0.015)  (0.134)  (0.081)

Crredit ineligible — eligible x High quality 0.128%** 2.202%%*

(0.033) (0.087)
High quality 0.038*** 0.150%**

(0.004) (0.031)
Controls Yes Yes Yes Yes
Obs. 648,182 648,182 646,342 646,342
Bandwidth (CS) [460;500] [460;500] [460;500] [460;500]

53



A Analytical Proof of Proposition H1

We begin with the following first—order conditions:

(L4 m)[£(@) = k] + g(a) =0, (FOC 1)
(14 m)f (@) +4'(a) =0, (FOC 2)
mo + fa)l — ki = 0, (FOC 3)

where
1 I aly z
SORE AL |z ra f i d@(z)]
i a/y z
:Rif_m/z w(z)dzw/mas(z)dz],
) —a)dd
5/ (=)o)
_ﬁy/ ng(z)dz—ﬁa/ ¢
and

Fle) =4

o(5) oo 5o(3)
g(0)= 5 [——cb() JRE dz+j¢(j)]=—@/a;¢<z>dz

o4



Assumption on the Distribution

Assume that z follows a uniform distribution on [z, Z] with probability density function (PDF)

and

Similarly, we have

A.1 Derivation of the Optimal Advertising Threshold o*

By combining equations (FOC 1) and (FOC 2), we obtain

evaluated at a = o*. After substituting the expressions for f(«), f'(a), g(«), and ¢'(«) and

simplifying, we arrive at

p

ol (5-)no-3) -2

%)



Solving this equation yields the optimal threshold

da* vz (% —2%) —2kR;Z(z — 2)
- :
B3 (z - Az)

After further simplification, we can write

dar  (2—2) [vz(z +2) - Qk:ZRf}

oN (g B ,\z>2

Since Z > z and if v is sufficiently large so that
2kZRy < vz(Z + 2),

we have % > (0, meaning that a* increases with A.

From (FOC 3), the resource constraint binds:

Calculation of f'(a*)

We have



After substituting the expression for a* and performing algebraic manipulations (details omitted

for brevity), we obtain an equivalent expression:

e 752]9(/\—1)+(/\—2)(2Rfk;+fyp()\§2_zg)>
(o) = R720=T)

Under our model assumptions (i.e., p >0, Ry >0, v >0, Z > 0, and A < 1), each term in the

numerator and denominator is positive. Consequently,

f'(a*) > 0.

It follows that
o fller) o
o\ (k— f(a®)? O

> 0,

so that the optimal advertising expenditure [* increases with .

B Analytical Proof of Proposition H2

We now analyze the sensitivity of the optimal threshold with respect to the merchant quality

parameter ~. In particular, note that

To prove that the cross—partial derivative of [* with respect to A and ~ is positive, we write

o’ 0 I () da*
ONDy O ((k — fl")? OX ) '
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By the product rule, this expression can be decomposed into:

021 8( f'(a*) ) da* f'(a*) D?a*
_ ( , I

Ny 9y \(k— f(a))2) ax " (k—f(a*)? 9Ny’
Te?rrn 1 Te;rrn 2

Term 1: Since we already have % > 0, we need only analyze

A direct calculation yields

g( F(a*) ):f”(a*)-%*-(k—f(a*>>2+2f’(a*>~%‘;*-(k—f<a*))
9y \ (k- f(a))? (k= fla¥))t '

a*

Under our assumptions, k — f(a*) > 0, %Lf: > 0, and f'(a*) > 0. Moreover, since

f'(a*) = %(A ~2),

and A\ < 1 implies f”(a*) > 0, we conclude that Term 1 is positive.
Term 2: From previous results,

920 72 2

Doy s Y

Since f'(a*) > 0 and k — f(a*) > 0, Term 2 is also positive.

Thus, we have
sl
OOy

> 0,
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which proves that high—quality merchants (with higher «) exhibit a larger sensitivity of adver-

tising expenditure [* to the credit parameter A.
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