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RESEARCH ARTICLE

Unpacking the effects of scams in marketplace lending: 
investor confidence and attention
Jianwen Li a, Yang Zhou a and Jinyan Hu a,b

aSchool of Economics, Shandong University, Jinan, China; bSchool of Economics, Qingdao University, 
Qingdao, China

ABSTRACT
Both transformational and problematic platforms, corresponding to 
moderate and severe scam conditions, are considered abnormal in 
Chinese marketplace lending. This paper examines the impact of 
scams in marketplace lending on investor confidence and attention. 
We find that as the abnormal platform ratio increases, lenders are 
more likely to lose confidence and withdraw investments. They also 
become more concerned about the risks associated with market-
place lending and the entire industry. These effects are primarily 
driven by severe scam conditions. Additionally, the effects of severe 
scam conditions on investment withdrawals and industry-related 
news searches are contemporaneous, while there is a lag in the 
effects on searching for risk-related news. Furthermore, we also find 
that regulatory policies enhance individual sensitivity to severe 
scams, and severe scams result in greater capital outflows in first- 
tier regions and more significant levels of panic in other regions.
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1. Introduction

Marketplace lending, also known as online lending or peer-to-peer lending (Tian & Wu,  
2023; Vallee & Zeng, 2019), acts as an information intermediary between lenders and 
borrowers (Kowalewski et al., 2022), bridging the information gap. However, some 
platforms may engage in Ponzi schemes or face moral and liquidity risks. This can result 
in management fleeing, business model changes, or business closures. Consequently, 
borrowers may be unable to apply for new loans, and lenders may struggle to withdraw 
the principal and interest. A notable example is the Ezubao scam, one of the biggest 
online lending scam, which led to losses exceeding CNY 50 billion (US$ 7.6 billion) from 
900 thousand lenders (Zhao et al., 2018).

The level of trust within marketplace lending significantly influences investment 
willingness (Qian & Lin, 2020). Scams can have a detrimental impact on the entire 
online lending market, particularly in the short term, as they erode lender con-
fidence. Baidu’s aggregate search frequency, which is similar to the Google search 
trends, serves as a direct measure of individual attention in China (Chen et al.,  

CONTACT Yang Zhou yang_zhou@mail.sdu.edu.cn School of Economics, Shandong University, Jinan, Shandong, 
China; Jinyan Hu hwx@sdu.edu.cn School of Economics, Shandong University, Jinan, Shandong, China

JOURNAL OF APPLIED ECONOMICS                   
2024, VOL. 27, NO. 1, 2301797 
https://doi.org/10.1080/15140326.2024.2301797

© 2024 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group.  
This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial License (http:// 
creativecommons.org/licenses/by-nc/4.0/), which permits unrestricted non-commercial use, distribution, and reproduction in any medium, 
provided the original work is properly cited. The terms on which this article has been published allow the posting of the Accepted 
Manuscript in a repository by the author(s) or with their consent.

http://orcid.org/0000-0002-6182-4025
http://orcid.org/0000-0002-7927-7162
http://orcid.org/0000-0001-7499-1052
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/15140326.2024.2301797&domain=pdf&date_stamp=2024-01-09


2016). Consequently, individuals, particularly stakeholders, are undoubtedly paying 
attention to the peer-to-peer lending scams. However, the extent to which scam 
conditions can influence investor confidence and attention remains a relatively 
underexplored area.

This paper aims to address the questions mentioned above. We collect the trading data 
for the entire online lending market from the prominent marketplace lending portal, 
WDZJ, and collect the aggregate Baidu search trends for keywords related to marketplace 
lending risk and marketplace lending industry in the Chinese context. WDZJ classifies 
abnormal platforms into two categories: transformational platforms and problematic 
platforms. The transformational ratio corresponds to a moderate scam condition, while 
problematic ratio corresponds to a severe scam condition.1 We use the net capital inflow 
as a measure of investor confidence and Baidu search trends to measure investor 
attention.

Our findings indicate that as the abnormal platform ratio increases, lenders are more 
likely to lose confidence and withdraw investments. They also become more concerned 
about the risks associated with marketplace lending and the entire industry. These effects 
are predominantly driven by severe scam conditions. Additionally, the effects of severe 
scam conditions on investment withdrawals and industry-related news searches are 
contemporaneous, while there is a lag in the effects on searching for risk-related news. 
Furthermore, we also find that regulatory policies enhance individual sensitivity to severe 
scams, and severe scams result in greater capital outflows in first-tier regions and more 
significant levels of panic in other regions.

Our contribution to the literature is threefold. First, we demonstrate that severe scam 
conditions significantly erode investor confidence and induce higher levels of panic. It 
adds to the literature on the failure of the marketplace lending in China (Gao et al., 2021; 
He & Li, 2021; Liu et al., 2019), and offers valuable insights for future supervision and 
development of new financial formats. Second, while existing literature examines the 
impact of investor attention on capital market reactions (Chen et al., 2016; Zhang & 
Wang, 2015; Zhang et al., 2013), we focus on the effects of scam conditions on investor 
attention, shedding light on future research concerning adverse events in the financial 
market. Lastly, our study concentrates on investment withdrawals and investor attention 
as well as the dynamic effects of scam conditions, complementing existing research on 
lender size and trading volume (Chen et al., 2021).

The remainder of this paper is organized as follows. Section 2 reviews the related 
literature. Section 3 provides an overview of institutional background in our setting. 
Section 4 presents the details of our data as well as the summary statistics. Section 5 
outlines our empirical methodology. Section 6 reports the baseline results, explores 
dynamic effects, analyses heterogeneous results, and conducts robustness tests. Finally, 
we conclude our paper in Section 7.

1Transformational platforms undergo changes in their business operations, either by transforming their business model, 
discontinuing operations, or ceasing to accept new loan applications. These changes are typically a response to 
problematic situations. Problematic platforms, on the other hand, experience more severe issues, which can include 
running away, facing difficulties in making payments, closing their company entirely, or becoming subject to economic 
investigations.
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2. Literature review

Investor confidence and trust are significantly influenced by the financial and credit status 
of peer-to-peer lending platforms and their affiliations (Jiang et al., 2021; Yan et al., 2018). 
Platforms can enhance investor confidence by taking actions that accurately reflect real 
risks and effectively address information asymmetry (Caldieraro et al., 2018). The lenders 
will have increased confident and a higher likelihood of investment when borrowers 
provide more detailed financial information (Larrimore et al., 2011). Trust in both bor-
rowers and platforms influences lenders’ willingness to lend. However, trust in borrowers 
has a more direct and effective impact (Chen et al., 2014). In the shock of peer-to-peer 
lending scams, lenders may lose confidence and become anxious. Chen et al. (2021) find the 
platform absconding can significantly reduce the number of lenders and trading volume.

Individuals have limited attention, and attention is a scarce cognitive resource 
(Kahneman, 1973). Attention can be measured directly and indirectly. Indirect proxies 
for investor attention include trading volume (Gervais et al., 2001), front-page news 
events (Barber & Odean, 2008; Yuan, 2015), and specific events (Seasholes & Wu, 2007). 
In the digital age, people often use search engines to collect information, and their 
attention is palpable when they conduct searches (Da et al., 2011). Aggregate search 
frequency data from Google (Da et al., 2011) or Baidu (Zhang et al., 2013) provides 
a direct and unambiguous measure of investor attention. A growing body of literature 
explores the impact of Baidu search trends on abnormal stock returns and trading 
volumes (Zhang et al., 2013), future stock prices (Zhang & Wang, 2015), a firm’s future 
crash risk (Wen et al., 2019), market responses to macroeconomic events (Chen et al.,  
2016), and the effects on the trading volume and interest rates in the marketplace lending 
(Chen et al., 2020; He et al., 2021).

A burgeoning literature delves into the role of various factors on funding probability, 
default risk, and financing costs in marketplace lending. These factors encompass loan 
descriptions (Dorfleitner et al., 2016; Herzenstein et al., 2011), loan maturity (Croux 
et al., 2020), borrower appearance (Duarte et al., 2012; Jenq et al., 2015), social capital 
(Freedman & Jin, 2017; Jiang et al., 2020), network centrality (Chen et al., 2022), 
homophilous intensity (Li et al., 2023), race (Pope & Sydnor, 2011), gender (Chen 
et al., 2020; Li et al., 2020), education (Xu et al., 2020), debt-to-income ratios (Emekter 
et al., 2015), inflation (Nigmonov et al., 2022), and location (Chong & Wei, 2023; Wang 
et al., 2021). Additionally, a significant body of literature focuses on building models for 
predicting marketplace lending risk. Non-financial factors may hold greater importance 
than financial ones in determining investment decisions in the FinTech-based sector 
(Kou et al., 2021). Some clustering algorithms have proven effective in analyzing financial 
risks, such as fraud detection and credit rating (Kou et al., 2014; Li et al., 2021). Credit 
risk models based on similarity networks offer both high predictive accuracy and 
explainability (Giudici et al., 2020). The use of cost-sensitive multi-class classifiers for 
credit rating can reduce the total cost for peer-to-peer platforms (Wang et al., 2021). 
Moreover, machine learning models are increasingly employed for predicting bank-
ruptcy, default rates, and credit scores (Bracke et al., 2019; Figini & Giudici, 2011; 
Giudici, 2001; Kou et al., 2021; Liu et al., 2022).

Overall, previous studies have primarily focused on the factors influencing investor 
confidence, the measurement of investor attention and its role in financial markets, as 
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well as predictive models and determinants in marketplace lending. However, there 
remains a gap in the literature about the impact of scam conditions on investor con-
fidence and attention. This gap serves as the motivation for our research, where we aim to 
investigate the effects of scam conditions on investment withdrawals and risk- and 
industry-related searches in the context of marketplace lending.

3. Institutional background

The first peer-to-peer lending platform, Zopa, was established in England in 2005. 
Subsequently, the emerging lending marketplaces are located worldwide, such as 
LendingClub and Prosper in the United States, Auxmoney and Smava in Germany, 
Renrendai and Ppdai in China. The online marketplace lending has exhibited exponential 
growth in developed economies such as the USA, now serving as an essential credit 
supplier to consumers (Tang, 2019). The market share of U.S. mortgage loans issued by 
FinTech lenders who offer a completely online application process increased from 2% to 
8% from 2010 to 2016 (Fuster et al., 2019).

In China, the first peer-to-peer lending platform was established in 2007. By 
December 2019, the total volume of the Chinese online credit market amounted to 
approximately CNY 8863 billion (equivalent to US$ 1291 billion based on an exchange 
rate of 6.865). The total number of lenders and borrowers reached 180 million and 
132 million, respectively, which accounts for equivalent to 12.79% and 9.43% of China’s 
population.2 The Chinese online lending market maintains an average interest rate of 
12%, similar to the credit card’s installment rate. The maximum and minimum interest 
rates are 21.63% and 9.21%, respectively. The average loan duration is nearly 10 months, 
indicating that borrowers often seek short-term loans through online lending platforms. 
Notably, the online lending market in China was one of the largest globally (Nemoto 
et al., 2019). As of December 2018, the total lending volume amounted to approximately 
20% of consumption loans provided to households provided by the traditional banking 
sector (Braggion et al., 2018). During the peak of the Chinese online peer-to-peer lending 
market, there were 3608 operating online lending platforms across all 31 provinces and 
municipalities of mainland China. The monthly turnover reached CNY 254 billion 
(equivalent to US$ 37 billion based on an exchange rate of 6.865).

However, Ezubao was established in July 2014, operating as a peer-to-peer lending- 
based Ponzi scheme, and it ceased trading in December 2015, ultimately closing down in 
February 2016. The Ezubao scam attracted about US$ 7.6 billion from 900 thousand 
lenders (Zhao et al., 2018). While Ezubao was not the first peer-to-peer lending scam in 
China, but it appeared to be the largest. In the short run, the downfall of Ezubao was 
likely to hurt the lenders’ confidence in peer-to-peer lending. In the long run, the Chinese 
regulators aimed to exert control over the peer-to-peer lending industry and introduce 
new regulations. The first public policy draft for regulating the peer-to-peer lending 
industry was issued by the China Banking Regulatory Commission in December 2015,3 

marking the industry’s transition into an era of standardized development.

2Data is from the WDZJ, one leading peer-to-peer industry information provider in China.
3The China Banking Regulatory Commission published the initial public policy draft titled “Interim Measures for the 

Management of Business Activities of Online Lending Information Intermediary Institutions”.
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Figure 1 shows the peak in the number of operating platforms was observed in 
November 2015. Subsequently, the number of operating platforms steadily declined 
month by month following the Ezubao scam, and the accumulative number of abnormal 
platforms increased notably after the implementation of regulated policies. By 
August 2019, only 709 lending platforms were still providing intermediary services. 
The accumulative number of abnormal platforms reached 5912, including 3062 trans-
formational platforms and 2850 problematic platforms. These classifications were based 
on WDZJ criteria. Transformational platforms transform their business, stop doing 
business, or stop applying for new loans, which tend to be problematic. Problematic 
platforms are runaway, difficulty in payment, closed their company, or intervened with 
economic investigation.

Figure 2 shows the number of monthly active lenders and borrowers in the Chinese 
peer-to-peer lending market. Following the emergence of the Ezubao scam and other 
abnormal events in the short run, there was a decline in the number of active lenders and 
borrowers. With the introduction of prudential supervision, the trends for the number of 
operating platforms, active lenders, and borrowers display an inverted U-shaped pattern.

4. Data

WDZJ.com is founded in October 2011 and focuses on disclosing information about the 
peer-to-peer lending industry. It serves as a powerful peer-to-peer portal website. Peer-to 
-peer lending platforms share their transaction data with WDZJ. After collecting transac-
tion data at the platform level, WDZJ processes the data and publishes monthly industry 
records. Through this portal website, we can obtain monthly data from January 2014 to 
August 2019, which includes monthly trading volume, balance, the number of operating 
platforms, the number of transformational platforms, the number of problematic 

Figure 1. The number of marketplace lending platforms.
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platforms, interest rates, duration, the number of active lenders, and the number of active 
borrowers.

The net capital inflow, calculated as the difference between the monthly balance and 
its lagged term, serves as an indicator of the capital flow within the peer-to-peer lending 
market, reflecting lenders’ confidence in this industry. Lenders exhibit greater confidence 
when capital flows into the peer-to-peer lending market. Conversely, when lenders 
withdraw investment, it indicates a lack of confidence among lenders in the peer-to- 
peer lending market. The ratio of abnormal platforms to the total platforms can be used 
to assess the prevalence of scams, with a higher ratio suggesting a higher incidence of 
fraudulent activities. We also calculate the ratios of transformational platforms and 
problematic platforms to assess various scam conditions.

Baidu index is a website that provides the aggregate search frequency by the Baidu 
search engine, covering various customers and regions in China.4 It’s similar to Google 
Trends. We can obtain the daily Baidu search trends for specific keywords. These daily 
search trends offer insights into the concerns of the customers. We gather search trends 
for “peer-to-peer collapse” and “peer-to-peer runaway” to measure monthly apprehen-
sions related to market risk.5 Additionally, we collect the search trends for “peer-to-peer 
financing”, “peer-to-peer lending”, “WDZJ”, and “P2Peye” to measure monthly concerns 
within the industry.6 The mentioned keywords are relevant to the peer-to-peer lending 
risk and the peer-to-peer lending industry in the Chinese context. The higher the search 
trends for these keywords, the greater the level of concern.

Figure 2. The number of active lenders and borrowers.

4As of October 2020, Baidu, with a dominant market share of 76.33%, stood as the most popular search engine in China, 
accounting for the majority of search queries conducted. (Source: StatCounter, https://gs.statcounter.com/search- 
engine-market-share/all/china/2020)

5In the Chinese context, peer-to-peer collapse means “P2P爆雷”, and peer-to-peer runaway means “P2P跑路”.
6In the Chinese context, peer-to-peer financing means “P2P理财”. Peer-to-peer lending means “网络借贷” or “网贷”. 

WDZJ means “网贷之家” and P2Peye means “网贷天眼”.
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Table 1 reports the summary statistics for our final sample. The average net 
capital inflow in the peer-to-peer lending market is CNY 8.89 billion (equivalent 
to US$ 1.29 billion based on an exchange rate of 6.865). The highest monthly 
capital inflow recorded is CNY 57.75 billion, while the maximum monthly capital 
outflow is CNY 66.72 billion. Overall, approximately 3.80% of lending platforms 
show abnormalities in a given month, with the highest abnormal ratio reaching 
14.99%. More specifically, the average transformational ratio stands at 1.95%, and 
the average problematic ratio is 1.85%. At the market level, the average interest 
rate is 12.16%, and loans have an average maturity of 9.35 months. The average 
number of active lenders per month is approximately 2.56 million, while the 
average number of active borrowers per month is 1.86 million.

Panel B of Table 1 provides summary statistics for the daily search trends of the 
mentioned keywords. The average daily search trends for the risk-related keywords, 
“peer-to-peer collapse” and “peer-to-peer runaway”, are 806 and 1197, respectively. 
The average daily search trends for the industry-related keywords, “peer-to-peer 
financing”, “peer-to-peer lending”, “WDZJ”, and “P2Peye”, are 6817, 7913, 10298, 
and 6422, respectively.

Panel C reports the monthly search trends related to the peer-to-peer lending risk and 
peer-to-peer lending industry. On average, the monthly search trends for peer-to-peer 
lending risk are 60.92 thousand, while the monthly search trends for the peer-to-peer 
lending industry are 956.94 thousand. Overall, it is evident that consumers are more 
focused on the peer-to-peer lending industry compared to their concerns about peer-to- 
peer lending risk.

Table 1. Summary statistics.
Mean SD Min Max

Panel A: market-level characteristics
Net capital inflow (billion CNY) 8.889 25.088 −66.718 57.745
Abnormal ratio (%) 3.799 2.474 0.694 14.990
Transformational ratio (%) 1.947 1.437 0 6.424
Problematic ratio (%) 1.851 1.569 0.235 10.213
Interest rate (%) 12.162 3.456 9.210 21.630
Duration (months) 9.346 3.400 4.230 15.750
# of lenders (thousand) 2563.338 1384.381 165.300 4541.000
# of borrowers (thousand) 1858.241 1578.097 26.700 5207.700
Year 2015 0.176 0.384 0 1
Year 2016 0.176 0.384 0 1
Year 2017 0.176 0.384 0 1
Year 2018 0.176 0.384 0 1
Year 2019 0.118 0.325 0 1
# of observations 68

Panel B: daily Baidu search trends
Peer-to-peer collapse (thousand) 0.806 1.993 0 23.782
Peer-to-peer runaway (thousand) 1.197 1.010 0 10.271
Peer-to-peer financing (thousand) 6.817 4.594 1.086 36.075
Peer-to-peer lending (thousand) 7.913 3.094 2.687 22.142
WDZJ (thousand) 10.298 3.371 3.732 33.158
P2Peye (thousand) 6.422 2.510 2.294 23.656
# of observations 2069

Panel C: monthly Baidu search trends
Concerns of risk (thousand) 60.918 77.399 0.572 455.097
Concerns of industry (thousand) 956.939 262.427 433.921 1864.926
# of observations 68
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5. Empirical strategy

Our empirical strategy relies on the OLS regressions, with control variables related to the 
peer-to-peer lending market. To examine the effects of the scam conditions on the 
lenders’ confidence, we estimate the following model, 

net capital inflowi ¼ αþ βscami þ γcontroli þ μt þ εi (1) 

where netcapitalinflowi is the difference between the monthly balance and its lagged 
term, reflecting increased confidence when capital flows into the market and decreased 
confidence when capital flows out of the market.

scami is the peer-to-peer lending scam condition, which can be the abnormal ratio, 
transformational ratio, or problematic ratio. controli is a vector of market-related vari-
ables, including interest rate, duration, number of active lenders, and number of active 
borrowers. μt is a vector of year fixed effects, helping absorb the unobservable and 
confounding macroeconomic shocks. The observations span from January 2014 to 
August 2019. Therefore, we add year dummy variables for the years 2015 to 2019 to 
our model. For a comprehensive list of variables, please refer to the data section.

To estimate the effects of scam conditions on lenders’ concerns related to peer-to-peer 
lending risk, we employ the following model, 

concerns of riski ¼ αþ βscami þ γcontroli þ μt þ εi (2) 

where concerns of riski is the monthly search trends for “peer-to-peer collapse” and 
“peer-to-peer runaway”, which are related to the peer-to-peer lending risk within the 
Chinese context. Increased search trends indicate heightened concerns. The rest of the 
variables are the same as in the model (1).

To estimate the effects of scam conditions on the lenders’ concerns regarding the peer- 
to-peer lending industry, we employ the following model, 

concerns of industryi ¼ αþ βscami þ γcontroli þ μt þ εi (3) 

where concerns of industryi is the monthly search trends for “peer-to-peer financing”, 
“peer-to-peer lending”, “WDZJ”, and “P2Peye”, which are related to the peer-to-peer 
lending industry within the Chinese context. The rest of the variables are the same as in 
the model (1). Additionally, we investigate the dynamic pattern of the effect by incorpor-
ating lag terms for the scam conditions into the models (1) to (3).

Peer-to-peer lending scams have garnered the attention of Chinese regulators. In 
December 2015, regulators released the first public policy draft with the aim of exerting 
control over the peer-to-peer lending industry. The impact of scams on lenders’ con-
fidence and concerns may vary in the pre-policy and post-policy periods. To estimate the 
heterogeneous effects across different policy stages, we re-estimate the regressions using 
pre-policy and post-policy subsamples.

As of the end of 2019, there were a total of 6606 peer-to-peer lending platforms located 
across all 31 provinces and municipalities in mainland China. More than 41% of these 
platforms were located in the first-tier regions, Guangdong, Beijing, and Shanghai. It’s 
important to note that the scale effects of peer-to-peer lending may differ between first- 
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tier regions and other areas, and consumer literacy may also be different between these 
regions. Consequently, we re-estimate the regressions separately for first-tier regions and 
the other areas to examine the effects of scams in these distinct geographical regions.

6. Results

6.1. Baseline results

Table 2 reports the estimates of the model (1), showing the effects of scams on the net 
capital inflow. In Columns (1) and (2), we examine the impact of abnormal ratio on the 
net capital inflow. The coefficients associated with the abnormal ratio are negative and 
highly significant at the 1% level, indicating that lenders tend to lose confidence and 
withdraw capital when confronted with scam conditions. These effects are economically 
significant, even after accounting for all control variables. Specifically, a one-standard- 
deviation increase in the abnormal ratio is associated with a substantial outflow of CNY 
11.02 ( = 2.474 × 4.453) billion from the online lending market.

Abnormal platforms can be categorized into two groups: transformational and pro-
blematic, corresponding to moderate and severe scam conditions. We also examine the 
effects of these specific scam conditions on the net capital inflow using the model (1). In 
Columns (3) and (4), we find that the coefficients of transformational ratio are negative 
but non-significant, while the coefficients of problematic ratio are negative and highly 
significant. This suggest that transformational conditions, such as transforming their 
business model, discontinuing operations, and ceasing to accept new loan applications, 
have non-significant effects on capital flow. In contrast, problematic conditions, such as 
running away, facing difficulties in making payments, closing their company entirely, 
and becoming subject to economic investigations, discourage lenders and result in capital 
outflows from the lending market. A one-standard-deviation increase in the problematic 
ratio is associated with a substantial outflow of CNY 9.78 ( = 1.569 × 6.234) billion. 
Consequently, the adverse effects of scams on investor confidence are primarily driven 
by severe scam conditions.

Table 2. Scams and net capital inflow.
(1) (2) (3) (4)

Net capital inflow

Abnormal ratio −5.113*** −4.453***
(0.708) (0.977)

Transformational ratio −3.331 −1.030
(2.115) (2.099)

Problematic ratio −6.048*** −6.234***
(1.037) (0.928)

Interest rate Yes Yes Yes Yes
Duration Yes Yes Yes Yes
# of lenders Yes Yes Yes Yes
# of borrowers Yes Yes Yes Yes
Year FE No Yes No Yes
Observations 67 67 67 67
R2 0.791 0.816 0.796 0.831

Notes: Results from estimating model (1) reveal the effects of scam conditions on the net capital inflow of the 
peer-to-peer lending market. In Columns (2) and (4), we incorporate year fixed effects as control variables. 
Robust standard errors are in parentheses. *** Significant at 1%, ** significant at 5%, and * significant at 10%.
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Table 3 presents the estimates from the model (2), showing the effects of scam 
conditions on lenders’ concerns regarding marketplace lending risk. Columns (1) and 
(2) show the coefficients for the abnormal ratio are positive and highly significant at the 
1% level. This suggests that lenders tend to become more concerned about the risk 
associated with marketplace lending when confronted with scam conditions. Notably, 
a one-standard-deviation increase in the abnormal ratio leads to a notable increase of 52 
( = 2.474 × 21.021) thousand search queries, which is equivalent to 85% of the sample 
average. Columns (3) and (4) show the effects of two specific scam conditions on risk- 
related concerns. The coefficients of transformational ratio are positive but non- 
significant, indicating that the moderate scam conditions have a limited impact on risk- 
related concerns. Conversely, the coefficients of problematic ratio are positive and highly 
significant. A one-standard-deviation increase in the problematic ratio results in 
a substantial increase of 46 ( = 1.569 × 29.382) thousand search queries, equivalent to 
76% of the sample average. Therefore, the impact of scams on risk concerns is mainly 
driven by severe scam conditions.

To further investigate the impact of scam conditions on lenders’ concerns, we examine 
their effects on lenders’ concerns of the marketplace lending industry. Table 4 shows the 
estimates of the model (3). The coefficients of abnormal ratio are significantly positive at 
the 1% level, indicating that an increase in abnormal platforms leads to lenders paying 
more attention to the marketplace lending industry. Columns (3) and (4) show that 
severe scam conditions mainly drive the effects on industry concerns. A one-standard- 
deviation increase in the problematic ratio results in a substantial increase of 142 ( =  
1.569 × 90.595) thousand search queries, equivalent to 15% of the sample average. 
Relative to the transformational platforms, problematic platforms have a more significant 
impact on consumers and society. Therefore, the effects of marketplace lending scams on 
the lenders’ confidence and concerns are primarily driven by severe scam conditions.

Random forest and adaptive boosting (AdaBoost) are commonly used machine 
learning models in various financial prediction tasks, including stock market prediction 
(Breitung, 2023; Khaidem et al., 2016; Park et al., 2022), bankruptcy prediction (Alfaro 

Table 3. Scams and concerns of risk.
(1) (2) (3) (4)

Concerns of risk

Abnormal ratio 22.739*** 21.021***
(4.311) (3.920)

Transformational ratio 7.830 4.978
(6.242) (6.741)

Problematic ratio 30.583*** 29.382***
(7.051) (5.782)

Interest rate Yes Yes Yes Yes
Duration Yes Yes Yes Yes
# of lenders Yes Yes Yes Yes
# of borrowers Yes Yes Yes Yes
Year FE No Yes No Yes
Observations 68 68 68 68
R2 0.762 0.799 0.797 0.833

Notes: Results from estimating model (2) reveal the effects of scam conditions on lenders’ concerns on the peer- 
to-peer lending risk. In Columns (2) and (4), we incorporate year fixed effects as control variables. Robust 
standard errors are in parentheses. *** Significant at 1%, ** significant at 5%, and * significant at 10%.
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et al., 2008; Zhou & Lai, 2017), credit spread prediction (Mercadier & Lardy, 2019), credit 
risk measurement (Rao et al., 2020; Tang et al., 2019), and financial distress prediction 
(Sun et al., 2020). In this study, we employ random forest and AdaBoost regression 
models to estimate feature importance. We split half of the observations into the test set, 
ensuring that the number of out-of-sample observations are the same with the in-sample 
observations. Panels A and B in Figure 3 show the feature importance using random 
forest regression models, while Panels C and D use AdaBoost regression models. The 
results reveal that the feature importance associated with the abnormal ratio, transforma-
tional ratio, and problematic ratio are not the smallest, suggesting that these features can, 
to some extent, predict investor confidence and attention.

6.2. Dynamic estimate

In the analysis of dynamic effects, it’s important to consider the timing of lenders’ responses to 
marketplace lending scams. Typically, the withdrawal of investments or the search for related 
news is expected to occur after the realizing scams on certain marketplace lending platforms, 
at a daily level. However, our marketplace lending data is available at the monthly level. The 
contemporaneous or lagged effects of scam conditions at this level are still unexplored.

To better understand the dynamic pattern of these effects, we add lag terms for the 
transformational ratio and problematic ratio in the baseline models (1) to (3), and 
Table 5 shows the dynamic estimate. Columns (1) and (2) reveal no contemporaneous 
or lag effects of the transformational ratio on investment withdrawals. There are only 
contemporaneous effects of the problematic ratio on investment withdrawals, without 
lagged effects. Columns (3) to (6) show that there are no lag effects of the transforma-
tional ratio on concerns related to marketplace risks or the entire market. However, there 
is a one-term lag effect of the problematic ratio on concerns related to risks but 
contemporaneous effects on concerns about the marketplace lending industry. 
Therefore, the effects of severe scam conditions on investor confidence and concerns 
are mainly contemporaneous, with lag effects only observed in concerns related to risks.

Table 4. Scams and concerns of industry.
(1) (2) (3) (4)

Concerns of industry

Abnormal ratio 64.179*** 65.423***
(10.722) (13.604)

Transformational ratio 31.398 17.126
(19.714) (26.614)

Problematic ratio 81.424*** 90.595***
(11.739) (11.937)

Interest rate Yes Yes Yes Yes
Duration Yes Yes Yes Yes
# of lenders Yes Yes Yes Yes
# of borrowers Yes Yes Yes Yes
Year FE No Yes No Yes
Observations 68 68 68 68
R2 0.699 0.709 0.714 0.736

Notes: Results from estimating model (3) reveal the effects of scam conditions on lenders’ concerns on the peer- 
to-peer lending industry. In Columns (2) and (4), we incorporate year fixed effects as control variables. Robust 
standard errors are in parentheses. *** Significant at 1%, ** significant at 5%, and * significant at 10%.
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Figure 3. Heatmaps of the feature importance.
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6.3. Heterogeneity

In the context of marketplace lending regulation, it’s worth considering the impact of 
regulatory changes and the publication of policy drafts by Chinese regulators. In 
December 2015, the first policy draft was introduced to regulate marketplace lending. 
The marketplace lending platforms should be intermediary institutions and cannot 
enhance the borrowers’ credit line or create the capital pool in the prudential supervision 
stage. These regulatory signals can influence consumer behavior. To sharpen our ana-
lyses, we investigate the effects of scam conditions across different supervision stages. 
Table 6 shows the estimates according to models (1) to (3).

Before the policy was introduced, we find that an increase in the transformational 
ratio results in capital outflows from the online lending market. It also leads to lenders 
paying more attention to risk-related search queries. However, the severe scam condi-
tions can hardly affect the investment withdrawals (shown in the second column), 
lenders’ concerns about marketplace lending risk (shown in the fourth column), and 
concerns about the marketplace lending industry (shown in the sixth column) before the 
regulatory policy.

During the prudential supervision stage, lenders focus on the severe scam conditions 
rather than moderate ones. An increase in the problematic ratio leads to capital outflows 
from online lending market (shown in the first column), an increase in lenders’ attention to 
marketplace lending risk (shown in the third column) and marketplace lending industry 
(shown in the fifth column). Furthermore, the effects of moderate scams after the policy are 
statistically similar to these before the policy. However, the effects of severe scams on 

Table 5. Scams and investor confidence and attention: dynamic estimate.
(1) (2) (3) (4) (5) (6)

Net capital inflow Concerns of risks Concerns of industry

L2.Transformational ratio −1.454 0.288 2.751 0.268 −10.585 −32.422
(2.086) (2.049) (3.816) (4.322) (22.637) (27.708)

L1.Transformational ratio −0.575 0.221 0.312 −0.787 −13.473 −22.288
(2.055) (1.792) (4.676) (4.133) (26.718) (27.189)

Transformational ratio −2.465 −1.029 8.115 8.765 48.256* 35.754
(2.402) (2.371) (5.070) (5.391) (26.326) (32.130)

L2.Problematic ratio −0.703 −2.076 −3.821 −2.977 −16.618 −4.385
(1.239) (1.397) (4.448) (5.375) (16.412) (19.576)

L1.Problematic ratio −0.549 −0.643 24.053*** 23.743*** 33.980* 30.485
(1.848) (1.735) (8.775) (8.173) (18.121) (23.326)

Problematic ratio −5.943*** −6.302*** 18.639*** 20.132*** 61.609*** 73.977***
(1.772) (1.617) (5.087) (5.217) (15.404) (16.216)

Interest rate Yes Yes Yes Yes Yes Yes
Duration Yes Yes Yes Yes Yes Yes
# of lenders Yes Yes Yes Yes Yes Yes
# of borrowers Yes Yes Yes Yes Yes Yes
Year FE No Yes No Yes No Yes
Observations 66 66 66 66 66 66
R2 0.803 0.840 0.885 0.906 0.705 0.749

Notes: The inclusion of lag terms for the transformational ratio and problematic ratio in the baseline models (1) to (3) 
reveals the dynamic effects of scam conditions on net capital inflow, concerns of risks, and concerns of industry in 
Columns (1) and (2), (3) and (4), and (5) and (6), respectively. “L2.Transformational ratio” and “L2.Problematic ratio” are 
the transformational ratio and problematic ratio on the two months before the target month, respectively. “L1. 
Transformational ratio” and “L1.Problematic ratio” are the transformational ratio and problematic ratio on the one 
month before the target month, respectively. In Columns (2), (4) and (6), we incorporate year fixed effects as control 
variables. Robust standard errors are in parentheses. *** Significant at 1%, ** significant at 5%, and * significant at 10%.
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investor confidence and attention after the policy are significantly more prominent than 
those before the policy. It means that severe scams have a substantial impact on the market 
and cause enormous anxiety during the prudential supervision stage.

Guangdong, Beijing, and Shanghai are classified as first-tier regions, hosting over 41% of 
the marketplace lending platforms. The impact of scam-related shocks on the marketplace 
lending may vary between these first-tier regions and other regions. Additionally, consumer 
literacy and search trends may be different across these regions. We investigate the effects of 
scams across different areas according to models (1) to (3) and show the estimates in Table 7.

The results reveal that the transformational ratio has a limited impact on the 
investor confidence and attention in both first-tier regions and other regions. 
Furthermore, the effects of transformational ratio on first-tier regions and other 
regions are statistically similar. Conversely, the problematic ratio is significantly and 
negatively associated with the investment withdrawals, and positively associated with 
concerns related to the risk and industry in both first-tier regions and other regions. 
However, the effects of the problematic ratio on capital outflows in first-tier regions 
are statistically more substantial than in other regions. The effects of the problematic 
ratio on the concerns related to risk and the marketplace lending industry in first-tier 
regions are statistically less than in other regions. This suggests that severe scams have 
a significant impact on investment withdrawals in first-tier regions and cause more 
substantial panic in other regions.

6.4. Robustness

In the robustness test section, we would like to re-estimate our results using alternative 
measurements for scam conditions. The abnormal platforms to operating platforms 

Table 6. Scams and investor confidence and attention: heterogeneity across supervision stages.
(1) (2) (3) (4) (5) (6)

Net capital inflow Concerns of risks Concerns of industry
Policy = 1 Policy = 0 Policy = 1 Policy = 0 Policy = 1 Policy = 0

Transformational ratio (TR) −1.615 −8.407** 2.317 10.762*** 2.546 172.211
(2.125) (3.536) (8.058) (3.310) (19.055) (114.035)

Problematic ratio (PR) −7.363*** 1.118 36.347*** 0.894 77.259*** 21.381
(0.996) (1.152) (8.537) (0.872) (16.287) (21.949)

Difference of TR between policy = 1 and  
policy = 0

6.792* −8.445 −169.664
(3.974) (8.862) (109.470)

Difference of PR between policy = 1 and  
policy = 0

−8.481*** 35.454*** 55.878**
(1.490) (8.824) (26.657)

Interest rate Yes Yes Yes Yes Yes Yes
Duration Yes Yes Yes Yes Yes Yes
# of lenders Yes Yes Yes Yes Yes Yes
# of borrowers Yes Yes Yes Yes Yes Yes
Year FE No No No No No No
Observations 44 23 44 24 44 24
R2 0.819 0.867 0.817 0.928 0.752 0.828

Notes: By employing subsamples corresponding to different supervision stages, results from estimating models (1) to (3) 
reveal the heterogeneous effects of scam conditions on net capital inflow, concerns of risks, and industry concerns in 
Columns (1) and (2), (3) and (4), and (5) and (6), respectively. The first regulatory policy of peer-to-peer lending was 
published in December 2015. The observations after December 2015 are classified as the “Policy = 1” group. Robust 
standard errors are in parentheses. *** Significant at 1%, ** significant at 5%, and * significant at 10%.
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(ATO) ratio measures the total scam condition. The transformational platforms to 
operating platforms (TTO) ratio measures the moderate scam condition. Additionally, 
the problematic platforms to operating platforms (PTO) ratio measures the severe scam 
condition.

Table 8 shows the effects on investor confidence and attention using alternative scam 
conditions. We observe a significant negative correlation between the ATO ratio and net 
capital inflow, and a positive association with lenders’ concerns of the risk and the 
industry. It means that as the scam ratio increases, lenders are more likely to withdraw 
their investments and become more attentive to risk and industry conditions. Notably, 
these effects are primarily driven by the PTO ratio, an alternative measure of the severe 
scam condition.

Table 9 shows the dynamic effects of alternative scam conditions. The alternative 
moderate scam condition exhibits no lag or contemporaneous impact on investor 
confidence and attention concerning risks and the industry. In contrast, the alternative 
severe scam condition shows contemporaneous effects on investment withdrawal and the 
search for industry-related news, while it has both contemporaneous and lag effects on 
searching risk-related news.

Table 10 provides insights into the impacts of alternative scam conditions at different 
supervision stages. Before the policy implementation, the alternative moderate scam 
condition increases the capital outflows and leads to an increase in risk-related search 
queries. In contrast, the alternative severe scam condition has limited effects on the net 
capital inflows and concerns of the risk and the industry during this pre-policy period. 
However, during the prudential supervision stage, the influence of the alternative severe 
scam condition becomes highly significant. Lenders start to withdraw their investments 

Table 7. Scams and investor confidence and attention: heterogeneity across regions.
(1) (2) (3) (4) (5) (6)

Net capital inflow Concerns of risks Concerns of industry
1st-tier 
regions

Other 
regions

1st-tier 
regions

Other 
regions

1st-tier 
regions

Other 
regions

Transformational ratio (TR) −0.780 −0.184 1.959 1.720 5.685 −5.141
(1.405) (0.583) (1.398) (4.336) (4.887) (24.457)

Problematic ratio (PR) −3.901*** −1.518** 6.542*** 20.460*** 22.753*** 57.360***
(0.525) (0.621) (1.391) (6.042) (2.864) (15.636)

Difference of TR between 1st-tier regions 
and other regions

−0.596 0.240 10.826
(1.521) (4.556) (24.940)

Difference of PR between 1st-tier regions 
and other regions

−2.383*** −13.919** −34.607**
(0.813) (6.200) (15.896)

Interest rate Yes Yes Yes Yes Yes Yes
Duration Yes Yes Yes Yes Yes Yes
# of lenders Yes Yes Yes Yes Yes Yes
# of borrowers Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Observations 67 67 68 68 68 68
R2 0.859 0.753 0.831 0.774 0.798 0.704

Notes: By employing subsamples corresponding to different regions, results from estimating models (1) to (3) reveal the 
heterogeneous effects of scam conditions on net capital inflow, concerns of risks, and industry concerns in Columns (1) 
and (2), (3) and (4), and (5) and (6), respectively. About 41% of platforms are located in Beijing, Shanghai, and 
Guangdong. These three regions are classified as the “1st-tier regions” group. Other provinces of mainland China are 
classified as the “Other regions” group. We incorporate year fixed effects as control variables in all columns. Robust 
standard errors are in parentheses. *** Significant at 1%, ** significant at 5%, and * significant at 10%.
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Table 8. Robustness tests: baseline results.
(1) (2) (3) (4) (5) (6)

Net capital inflow Concerns of risks Concerns of industry

ATO −3.809*** 18.127*** 55.985***
(0.752) (2.942) (10.212)

TTO −0.740 3.390 12.112
(1.914) (6.236) (23.767)

PTO −5.393*** 25.748*** 78.673***
(0.773) (5.135) (9.861)

Interest rate Yes Yes Yes Yes Yes Yes
Duration Yes Yes Yes Yes Yes Yes
# of lenders Yes Yes Yes Yes Yes Yes
# of borrowers Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Observations 67 67 68 68 68 68
R2 0.818 0.832 0.806 0.839 0.713 0.738

Notes: Using alternative measurements for scam conditions, results from estimating models (1) to (3) reveal the effects of 
alternative scam conditions on net capital inflow, concerns of risks, and industry concerns in Columns (1) and (2), (3) 
and (4), and (5) and (6), respectively. “ATO” is the abnormal platforms to operating platforms ratio, measuring the 
alternative total scam condition. “TTO” is the transformational platforms to operating platforms ratio, measuring the 
alternative moderate scam condition. “PTO” is the problematic platforms to operating platforms ratio, measuring the 
alternative severe scam condition. We incorporate year fixed effects as control variables in all columns. Robust standard 
errors are in parentheses. *** Significant at 1%, ** significant at 5%, and * significant at 10%.

Table 9. Robustness tests: dynamic estimate.
(1) (2) (3) (4) (5) (6)

Net capital inflow Concerns of risks Concerns of industry

L2.TTO −1.234 0.349 2.570 0.297 −10.283 −29.707
(1.881) (1.831) (3.207) (3.674) (20.112) (25.187)

L1.TTO −0.596 0.128 −0.065 −0.966 −12.125 −19.678
(1.864) (1.598) (3.983) (3.576) (24.029) (24.698)

TTO −2.021 −0.693 7.006 7.427 41.532* 29.170
(2.225) (2.182) (4.433) (4.729) (23.733) (28.777)

L2.PTO −0.587 −1.786 −3.177 −2.256 −14.063 −2.873
(1.067) (1.161) (3.450) (4.162) (14.091) (16.924)

L1.PTO −0.543 −0.667 21.305*** 21.150*** 30.549** 28.252
(1.549) (1.465) (6.646) (6.193) (15.081) (19.383)

PTO −5.118*** −5.430*** 16.448*** 17.715*** 52.936*** 63.518***
(1.488) (1.315) (3.977) (3.998) (12.438) (13.303)

Interest rate Yes Yes Yes Yes Yes Yes
Duration Yes Yes Yes Yes Yes Yes
# of lenders Yes Yes Yes Yes Yes Yes
# of borrowers Yes Yes Yes Yes Yes Yes
Year FE No Yes No Yes No Yes
Observations 66 66 66 66 66 66
R2 0.804 0.841 0.902 0.919 0.709 0.753

Notes: Using alternative measurements for scam conditions, results by adding lag terms for scam conditions in the 
baseline models (1) to (3) reveal the dynamic effects of alternative scam conditions on net capital inflow, concerns of 
risks, and concerns of industry in Columns (1) and (2), (3) and (4), and (5) and (6), respectively. “L2.TTO” and “L2.PTO” are 
the transformational platforms to operating platforms ratio and problematic platforms to operating platforms ratio on 
the two months before the target month, respectively. “L1.TTO” and “L1.PTO” are the transformational platforms to 
operating platforms ratio and problematic platforms to operating platforms ratio on the one month before the target 
month, respectively. In Columns (2), (4) and (6), we incorporate year fixed effects as control variables. Robust standard 
errors are in parentheses. *** Significant at 1%, ** significant at 5%, and * significant at 10%.
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Table 10. Robustness tests: heterogeneity across supervision stages.
(1) (2) (3) (4) (5) (6)

Net capital inflow Concerns of risks Concerns of industry
Policy = 1 Policy = 0 Policy = 1 Policy = 0 Policy = 1 Policy = 0

TTO −1.231 −8.175** 1.030 10.370*** 0.189 169.011
(1.965) (3.288) (7.363) (3.024) (17.101) (106.106)

PTO −6.268*** 1.099 31.390*** 0.816 67.849*** 19.504
(0.918) (1.079) (7.807) (0.818) (12.944) (20.837)

Difference of TTO between policy = 1 and  
policy = 0

6.944* −9.340 −168.822
(3.689) (8.097) (101.744)

Difference of PTO between policy = 1 and  
policy = 0

−7.367*** 30.574*** 48.345**
(1.386) (8.070) (23.763)

Interest rate Yes Yes Yes Yes Yes Yes
Duration Yes Yes Yes Yes Yes Yes
# of lenders Yes Yes Yes Yes Yes Yes
# of borrowers Yes Yes Yes Yes Yes Yes
Year FE No No No No No No
Observations 44 23 44 24 44 24
R2 0.817 0.869 0.819 0.929 0.763 0.832

Notes: By employing subsamples corresponding to different supervision stages, results from estimating models (1) to (3) 
reveal the heterogeneous effects of alternative scam conditions on net capital inflow, concerns of risks, and industry 
concerns in Columns (1) and (2), (3) and (4), and (5) and (6), respectively. “TTO” is the transformational platforms to 
operating platforms ratio, measuring the alternative moderate scam condition. “PTO” is the problematic platforms to 
operating platforms ratio, measuring the alternative severe scam condition. Robust standard errors are in parentheses. 
*** Significant at 1%, ** significant at 5%, and * significant at 10%.

Table 11. Robustness tests: heterogeneity across regions.
(1) (2) (3) (4) (5) (6)

Net capital inflow Concerns of risks Concerns of industry
1st-tier 
regions

Other 
regions

1st-tier 
regions

Other 
regions

1st-tier 
regions

Other 
regions

TTO −0.541 −0.145 1.454 0.968 4.165 −6.774
(1.270) (0.545) (1.308) (4.059) (4.293) (22.181)

PTO −3.355*** −1.378*** 5.624*** 18.629*** 19.716*** 52.367***
(0.444) (0.515) (1.269) (5.006) (2.152) (12.980)

Difference of TTO between 1st-tier regions 
and other regions

−0.396 0.486 10.939
(1.382) (4.264) (22.593)

Difference of PTO between 1st-tier regions 
and other regions

−1.977*** −13.005** −32.651**
(0.681) (5.164) (13.158)

Interest rate Yes Yes Yes Yes Yes Yes
Duration Yes Yes Yes Yes Yes Yes
# of lenders Yes Yes Yes Yes Yes Yes
# of borrowers Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Observations 67 67 68 68 68 68
R2 0.859 0.758 0.833 0.784 0.803 0.709

Notes: By employing subsamples corresponding to different regions, results from estimating models (1) to (3) reveal the 
heterogeneous effects of alternative scam conditions on net capital inflow, concerns of risks, and industry concerns in 
Columns (1) and (2), (3) and (4), and (5) and (6), respectively. “TTO” is the transformational platforms to operating 
platforms ratio, measuring the alternative moderate scam condition. “PTO” is the problematic platforms to operating 
platforms ratio, measuring the alternative severe scam condition. We incorporate year fixed effects as control variables 
in all columns. Robust standard errors are in parentheses. *** Significant at 1%, ** significant at 5%, and * significant at 
10%.
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and conduct more searches related to marketplace lending risk and marketplace lending 
industry. The impact of alternative severe scam conditions on the post-policy group is 
even more pronounced than before the policy was implemented.

Table 11 shows the impacts of alternative scam conditions across different regions. 
The alternative moderate scam condition, as represented by the TTO ratio, shows 
limited effects on net capital inflow and search trends related to the risk and the 
industry in both first-tier regions and other regions. Conversely, the alternative severe 
scam condition, denoted by the PTO ratio, leads to the capital outflows from the 
market and an increase in risk- and industry-related search queries in both first-tier 
regions and other regions. However, it’s worth noting that scam events result in more 
significant capital outflows in the first-tier regions and trigger greater panic in the 
other regions.

7. Conclusion

Marketplace lending, which acts as an intermediary between lenders and borrowers, 
serves as an essential supplier of credit to the consumers (Braggion et al., 2018; Jiang 
et al., 2021; Tang, 2019). Notably, China’s emerging peer-to-peer lending (marketplace 
lending) is the most extensive worldwide (Nemoto et al., 2019). However, nationwide 
marketplace lending scams, such as the Ezubao Ponzi scheme, have eroded lenders’ 
confidence in the emerging marketplace lending, leading to panic among investors.

Transformational platforms undergo changes in their business operations, typically 
a symptom of becoming problematic platforms. However, the problematic platforms 
experience more severe issues. Both the two types, corresponding to moderate and severe 
scam conditions, respectively, are considered abnormal. This paper uses the abnormal 
platform ratio, transformational platform ratio, and problematic platform ratio at the 
market level to gauge the prevalence of scam conditions. Drawing from data obtained 
from WDZJ and Baidu index, we investigate how these scam conditions impact lenders’ 
confidence and concerns about both the risk and industry.

As the abnormal platform ratio increases, lenders are more likely to lose confidence in 
marketplace lending and withdraw their investments. Simultaneously, they become more 
attentive to the risks associated with marketplace lending and the emerging marketplace 
lending industry. We find that the problematic platform ratio (indicative of severe scam 
conditions) predominantly drives our results. Furthermore, the effects of severe scam 
conditions on the withdrawing investment and searching industry-related news are 
contemporaneous, but there’s a lag in the effects on the searching for risk-related news.

As for the heterogeneous results, it’s challenging for severe scam conditions to affect 
lenders’ confidence and concerns before regulatory policies are in place. However, after 
the introduction of regulations, lenders’ responses are more pronounced in the presence 
of severe scam conditions. Moreover, severe scams result in capital outflows and 
increased searches about the risk of marketplace lending and marketplace lending 
industry in both first-tier regions and other regions. Nevertheless, severe scams result 
in greater capital outflows in the first-tier regions and induce more significant levels of 
panic in the other regions.
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Given the observed impact of severe scam conditions on lenders’ confidence and 
attention, there is a clear need for strengthened regulatory oversight. Regulatory autho-
rities should enhance their monitoring mechanisms to identify and address potential 
scams promptly, such as continuous assessment of platform operations. Policymakers 
should prioritize the timely implementation of regulatory measures to reduce the adverse 
effects of scams on the emerging marketplace. Considering the variation in the impact 
across regions, policymakers should provide additional support to lenders in regions 
more susceptible to panic, helping stabilize the market environment and reducing panic- 
induced reactions.
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