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ABSTRACT
Research Question/Issue: This study explores the relationship between the availability of alternative data and financial state-
ment fraud among Chinese firms.
Research Findings/Insights: We first show that companies' online sales data, independently collected by a third-party data 
vendor, can detect financial statement fraud before 2018, before which such alternative data were not available to the public. 
Second, we find that the association between financial statement fraud and the proxy constructed from alternative data becomes 
weaker after the publicity of alternative data. Third, we find that the impact from alternative data availability on corporate finan-
cial statement fraud is greater among firms with weaker external governance, such as firms with less analyst coverage, as well 
as lower quality auditors.
Theoretical/Academic Implications: This study enhances the understanding of the relationship between information envi-
ronment characteristics and corporate fraud. We suggest a new information intermediary, alternative data providers, and inves-
tigate the role that alternative data play in financial statement fraud. And we also add to the growing literature regarding the 
impact of technology on corporate fraud and corporate governance.
Practitioner/Policy Implications: This study proposes a new measure to capture company managers' hidden behavior and 
provide new insights regarding the usefulness of company-level online sales data, as provided by an independent entity in rela-
tion to financial statement fraud. These findings have important implications for investors, policymakers, and market partici-
pants in understanding the role of alternative data in detecting financial fraud and acting as an external governance mechanism.

1   |   Introduction

Financial fraud is a critical area of research, particularly fi-
nancial statement fraud, where firms engage in deceptive 
practices related to financial reporting, such as inflating prof-
its or revenues. Such financial statement fraud has increased 
tremendously in recent years and has generated serious neg-
ative consequences for shareholders, employees and societies 
(Amiram et al. 2018; Dimmock, Gerken, and Graham 2018). 
At the same time, recent technology advancements have en-
abled third-party vendors to independently collect real-time, 

granular indicators of firms' fundamentals and have made the 
data available to different external parties, including investors, 
auditors and analysts (Kolanovic and Krishnamachari 2017). 
These alternative data sources can include point of online 
sales, consumer transactions, and satellite images (Froot 
et al. 2017; Monk, Prins, and Rook 2019; Agarwal, Qian, and 
Zou 2021; Kang, Stice-Lawrence, and Wong 2021; Liao, Cui, 
and Sun 2021), which are not within traditional data sources, 
such as SEC filings, financial statements, and press releases. 
Understanding the relationship between financial statement 
fraud and the availability of additional information in an 
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economy is important because this alternative data may af-
fect managerial behavior, and corporate decisions (Zhu 2019; 
Blankespoor et al. 2022).

The theoretical framework of Beyer et al.  (2010) examines the 
relationship between information environment characteristics 
and financial statement fraud. Third-party information inter-
mediation utilizes external sources to provide independent 
viewpoints, which helps reduce information asymmetry and 
increase transparency. As new information becomes available 
to the public, there is less room for mangers' manipulation. We 
suggest that alternative data providers act as new information 
intermediaries and explore their role in preventing financial 
statement fraud, indicating that their absence may lead to higher 
instances of earnings manipulation and managerial misconduct.

However, empirically testing this conjecture can be challenging 
due to the endogenous relationship between information avail-
ability and financial statement fraud. It is difficult to determine 
whether managers commit fraud in response to changes in 
information or if they act differently due to other unobserved 
motivations. To overcome this empirical challenge, we employ a 
quasi-natural experiment in China by leveraging an exogenous 
event: the availability of alternative online sales data to third 
parties. This approach allows us to test whether the association 
between financial statement fraud and alternative data dimin-
ishes when such data become more accessible.

In recent years in China, the expansion of mobile services 
and the growth of online payment systems have reduced data-
collecting costs, leading independent companies to gather al-
ternative data. By making alternative data available, external 
parties have been able to acquire information at a reduced cost. 
However, despite the increase in the use of these alternative 
data sources, research into their impact on financial markets, 
financial statement fraud, and corporate governance remains 
limited. Our study aims to bridge this gap, offering insights into 
how the accessibility of alternative data can potentially mitigate 
the occurrence of financial statement fraud, thereby enhancing 
the integrity of financial reporting and corporate governance 
practices.

In this study, we initially present evidence demonstrating a 
meaningful association between reported sales growth in finan-
cial reports and online sales growth, validating the informative-
ness of online sales data. Our findings reveal a significant and 
positive relationship between reported sales growth and online 
sales growth. These results suggest that online sales data offer 
valuable insights into overall sales performance, aligning with 
prior studies by Froot et al. (2017) and Liao, Cui, and Sun (2021). 
Next, we examine the association between financial statement 
fraud and the availability of alternative data sources through on-
line consumer transactions. We show that online sales data inde-
pendently collected by third-party vendors can detect financial 
misreporting and accounting fraud in the e-commerce industry. 
Traditionally, researchers have primarily used accruals, discre-
tionary, and the mapping between revenue and other financial 
statement figures to identify financial reporting misbehavior. 
However, using financial statement data to isolate nondiscre-
tionary and discretionary aspects of revenue can be challeng-
ing because financial statement measures can be manipulated 

by managers to disguise their misreporting (Brazel, Jones, and 
Zimbelman 2009). Recently, researchers have started using al-
ternative data from a third-party company that may offer reli-
able guidance on the discretionary and nondiscretionary aspects 
of revenue (Allee, Baik, and Roh 2021; Chiu et al. 2023). We con-
structed a new proxy based on alternative data of online sales to 
detect accounting fraud. Before December 2018, the alternative 
data of online sales were not available to the public. We show 
that the difference between the actual online sales collected in-
dependently from third-party vendors and the revenue reported 
on financial statements is both economically and statistically 
significant in its association with financial statement fraud. One 
standard deviation increase of the difference between alterna-
tive data from online sales and actual revenue from financial 
statements is associated with a 1.08% increase of the probability 
of financial statement fraud. This result is economically import-
ant considering that the base rate of corporate fraud is 18.9%.

Second, we leverage an exogenous event to companies in 
December 2018, when the largest third-party financial data pro-
vider in China, WIND made alternative online sales data avail-
able to the public1 and showed that availability of alternative 
data weakens the association between financial statement fraud 
and the proxy based on alternative data of online sales. The cor-
porate information environment emerges endogenously because 
of information asymmetries and agency problems between en-
trepreneurs, managers, and investors. According to previous 
studies, information intermediaries play a crucial role in cor-
porate governance (Chen, Harford, and Lin 2015). Information 
intermediaries can act as an external regulatory agency and play 
a significant role in studying areas in corporate governance, in-
cluding fraud detection and insider trading (Chen et  al.  2016; 
Dang et  al.  2021; Ren, Zhong, and Wan  2021). When alterna-
tive data providers arise as another type of information source, 
and intermediaries and information acquisition costs decrease 
for the public, we show that corporate management is less likely 
to manipulate earnings: the difference between growth rate of 
sales from financial statements and actual growth rate of on-
line sales collected from the alternative data provider is much 
smaller. In addition, we show that the availability of alternative 
data weakens the association between financial statement fraud 
and the difference between the actual online sales collected in-
dependently from third-party vendors and the revenue reported 
on financial statements.

Third, we examine the possible mechanism to explain the re-
lationship between the availability of alternative data and fi-
nancial statement fraud. Financial analysts and high-quality 
external auditors can play an important external governance 
role in scrutinizing management behavior and in deterring 
earnings management and corporate fraud (Chen, Harford, and 
Lin  2015; Chen et  al.  2016; Fan and Wong  2005; Lennox and 
Pittman 2010). If alternative data providers arise and play a role 
as an external regulatory agency, we expect that firms suffering 
from severer agency problems and weaker external governance 
will be more likely affected by introduction of the alternative 
data. We find that the effects of alternative data are more pro-
nounced among the firms with low-quality auditors or/and less 
analyst coverage. In addition, we investigate the market reac-
tion to the introduction of alternative data sources. The positive 
market reaction to the introduction of alternative data sources 
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provides indirect supporting evidence that investors value the 
information from this data source.

Our study makes three main contributions. The first contribu-
tion of our study is to investigate the relationship between in-
formation environment characteristics and financial statement 
fraud. Corporate governance can be shaped by many different 
factors including social media and managers' voluntary dis-
closure decisions. Zingales  (2000) and Dyck, Volchkova, and 
Zingales (2008) first reveal how the media plays a key regula-
tory role in influencing corporate policies and guiding decision-
making about resource distribution. The results of previous 
studies suggest that business-focused media play a positive role 
in detecting accounting fraud (Dyck, Morse, and Zingales 2010), 
exposing board inefficiency (Joe, Louis, and Robinson  2009), 
and preventing insider trading (Dai, Parwada, and Zhang 2015). 
In this paper, we propose a new information intermediary, alter-
native data providers, and investigate the role of alternative data 
play in the financial statement fraud and provide supporting ev-
idence that alternative data providers can act as an external gov-
ernance mechanism when corporate management are subject to 
weaker external governance protection.

Second, we add to the growing literature of the impact of tech-
nology on financial statement fraud and corporate governance. 
In recent years, multiple technological innovations have been 
assessed for their effects on capital markets. These include al-
gorithms and high-frequency trading (Hendershott, Jones, 
and Menkveld  2011), robo-journalism (Blankespoor, deHaan, 
and Zhu  2018), and alternative data (Zhu  2019; Blankespoor 
et  al.  2022). Our paper relates to Zhu  (2019) and Blankespoor 
et  al.  (2022) in that it examines the role of alternative data; 
Zhu (2019) investigates its effect on stock price informativeness 
and managerial trading behavior in the United States, while 
Blankespoor et al. (2022) explore its impact on firms' disclosure 
choices based on credit and debit card sales data. However, our 
study differs from theirs by focusing on the influence of alter-
native data on managerial decision-making, specifically in the 
context of managerial financial fraud. Recently, several fintech 
companies have developed alternative data and complex al-
gorithms to mitigate the limitations of traditional models and 
data when assessing borrowers' credit risks and their ability to 
repay loans. Several studies have documented that alternative 

data can overcome the information asymmetry that was critical 
in evaluating borrower risks, especially for the unbanked pop-
ulation and borrowers with limited credit history (Goldstein, 
Jagtiani, and Klein  2019; Croux et  al.  2020). We examine the 
impact of alternative data on corporate governance in our paper. 
While prior studies find that alternative data sources can predict 
earnings and revenue (Froot et al. 2017; Agarwal, Qian, and Zou 
2021; Liao, Cui, and Sun 2021; Dichev and Qian 2022), we inves-
tigate the question of how the introduction of alternative data af-
fects corporate financial statement fraud, where the information 
acquisition cost is reduced for a set of external parties.

Third, in general, our findings relate to forensic economics re-
search. The goal of this research line is to detect managers' un-
seen actions or decisions by comparing two separate measures 
(Allee, Baik, and Roh 2021; Chiu et al. 2023). These two sepa-
rate measures capture the same economic activity, but manag-
ers' incentives can impact those two measures in different ways. 
Our paper proposes a new measure to capture managers' hidden 
behavior and provide new insights regarding the usefulness of 
company-level online sales data provided by an independent en-
tity in relation to the financial statement fraud. Moreover, our 
study is also related to an emerging research field regarding 
the application of non-financial measures (NFMs) in a variety 
of scenarios. In this case, online sales in our study provide ad-
ditional information, compared with financial statement mea-
sures, to external parties, highlighting the importance of this 
particular NFM for uncovering fundamentals (Brazel, Jones, 
and Zimbelman 2009).

2   |   Theoretical Framework and Institutional 
Background

2.1   |   Theoretical Framework

Our study enhances the understanding of the relationship 
between information environment characteristics and fi-
nancial statement fraud. Figure  1 illustrates the broader the-
oretical framework of this relationship, as described by Beyer 
et al. (2010). The managerial decision-making regarding infor-
mation disclosure and fraud is shaped endogenously by three 
main factors:

FIGURE 1    |    Theoretical framework. [Colour figure can be viewed at wileyonlinelibrary.com]
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1.	 Agency problem: The ex-post demand for accounting in-
formation arises from the separation of ownership and 
control, resulting in capital providers not having full 
decision-making rights.

2.	 Valuation problem: Ex-ante, firm managers typically pos-
sess more information about the expected profitability of 
current and future investments than outsiders. This in-
formation asymmetry complicates the assessment of in-
vestment opportunities' profitability by external capital 
providers.

3.	 Third-party information intermediation: The availability 
and cost-effectiveness of alternative mechanisms or infor-
mation from external sources help address valuation and 
agency problems. External sources provide independent 
perspectives and data, reducing information asymmetry 
between stakeholders and the firm. These sources bring 
diverse expertise and methodologies, offering a broader 
range of insights into the firm's performance and pros-
pects. This diversity reduces reliance on potentially bi-
ased internal information, enhancing transparency and 
improving the valuation of the firm's assets and opera-
tions. Additionally, by providing objective benchmarks 
and information, external sources help align the interests 
of managers (agents) with those of shareholders (princi-
pals), thereby reducing agency costs and improving cor-
porate governance.

In contrast, the lack of cost-effective information is asso-
ciated with conditions that enable fraud to occur without 
significant risk of detection (Murphy and Dacin  2011). For 
instance, insufficient external scrutiny may allow managers 
to manipulate financial statements. Agency theory (Jensen 
and Meckling 1976) suggests that financial analyst coverage 
can increase firm value by reducing agency costs through 
enhanced monitoring. Previous empirical studies have exam-
ined the role of analysts as third-party information interme-
diaries (Chen, Harford, and Lin  2015; Chen et  al.  2016). We 
propose that alternative data providers serve as a new type of 
information intermediary and investigate their role in finan-
cial statement fraud. Our conjecture is that when alternative 
data providers are not publicly available, creating an informa-
tion environment conducive to undetected fraud, corporate 
managers are more likely to engage in earnings manipulation 
or other misconduct.

2.2   |   Institutional Background

In general, alternative data is defined as data that are not 
part of a financial statement or a report (Kolanovic and 
Krishnamachari 2017; Jagtiani and Lemieux 2019; Dichev and 
Qian 2022). The cost of data collection has gradually been re-
duced due to recent developments in machine learning, cloud 
computing, and artificial intelligence (AI). Several third-party 
vendors extract information from consumer online activities 
while others use website traffic or measure pedestrian traffic 
in stores. Some other companies rely on satellite imagery to 
count the number of cars in outdoor parking lots. Overall, alter-
native data are more focused on a consumer's footprint (Froot 
et  al.  2017). Compared with traditional financial data usually 

released only after the end of the financial quarter, alternative 
data are updated or provided more frequently from third-party 
vendors. Some vendors update the data every day, while others 
update every month. In addition, these alternative data are ar-
gued to be relatively objective (Chiu et al. 2023) and is less likely 
to suffer corporate manipulation when compared with financial 
data provided by companies themselves.

The e-commerce market has grown tremendously. Between 
2016 and 2020, e-commerce volume had a 12.2% annual 
growth rate in the United States and 9.3% in China. Most 
products and services can be provided through e-commerce 
in China, including grocery, electronics, computers, software, 
fashion, beauty and personal care, home and kitchen, health 
and household, and toys and games. Therefore, e-commerce 
sales data are generally representative of consumer industries 
and in line with the industries covered in the Deloitte report 
regarding Chinese consumer and retail industry.2 But we want 
to point out two differences between online shopping and 
household consumption in general. First, in-hospital treatment 
is prohibited to sell through e-commerce platforms. Second, 
vehicles are usually purchased offline through the dealer and 
rarely on e-commerce platforms. Despite the above differ-
ences, and the fact that we cannot generalize our results to 
all industries, leveraging the availability of e-commerce sales 
data still provides us a good opportunity to examine the im-
pact of alternative data on financial statement fraud in major 
consumer and retail industries.

China's weak legal enforcement and investor protection (Allen, 
Qian, and Qian 2005) may not have kept pace with its rapid eco-
nomic growth, resulting in regulatory loopholes that allow firms 
to act opportunistically. Among Chinese listed firms, common 
forms of corporate fraud include false statements, material in-
formation omission, and embezzlement. The China Securities 
Regulatory Commission (CSRC), the primary regulator of the 
Chinese securities exchanges, investigates and disciplines cor-
porate fraud. Besides regular reviews and random inspections, 
the CSRC responds to external whistleblower reports and com-
plaints about alleged fraud. Upon identifying fraud, the CSRC's 
enforcement actions range from internal and public criticism to 
formal criminal prosecution.

Wind Information (WIND) is a leading provider of financial 
information services in China. WIND provides financial data 
to 90% of financial institutions in China, including securities 
companies, fund management corporations, insurance compa-
nies, banks, and investment firms. WIND started collecting e-
commerce sales data since 2015; however, such data were not 
released to external parties until December 2018.

The public release of WIND data at the end of 2018 was un-
anticipated and straightforward, providing a valuable oppor-
tunity to leverage this event. Although we understand that 
WIND has been developing this product for some time, our 
search of media coverage found no discussion of these data 
release until December 2018. Second, online shopping con-
stitutes a larger portion of consumption in China compared 
with the rest of the world. This dataset provides a substan-
tial sample of firms, allowing us to track detailed online 
sales relative to accounting sales figures. While the impact of 
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alternative data on online sales in other markets might not 
be as significant, we argue that the availability of such data 
should enhance corporate governance and influence manage-
rial behavior. Practitioners can use alternative data for strate-
gic advantage, and policymakers can leverage it for stronger 
governance.

This dataset covers more than 95% of the e-commerce plat-
forms and companies in China, including Taobao, JD, Tmall, 
Yihaodian, Gome, Suning, and so on. The dataset has been 
updated monthly to users since December 2018, and the pre-
vious data collected since 2015 is also provided to all users. 
WIND collects online sales data from every transaction of 
every consumer on those platforms in real time. According to 
the sales records of each brand and each product from those 
e-commerce platforms, WIND then aggregates that data at the 
company/enterprise level. For example, if individual A buys 
an iPhone through Taobao and individual B buys an iPhone 
through JD, WIND will collect each sale of an iPhone through 
Taobao and through JD and aggregate both sales into the 
online sales for Apple. Therefore, we argue that this dataset 
can well reflect the real time online sales information from 
different companies on the e-commerce platforms, especially 
for the companies in consumer industries, where most of the 
sales revenue are generated through online platforms. Even 
for some companies with a lower proportion of online sales, 
the online sales data can be extrapolated for overall sales, as 
online sales and offline sales are usually closely correlated. In 
a recent study, Liao, Cui, and Sun (2021) find that online sales 
are significantly positively correlated with corporate operat-
ing income.

In addition, the dataset is subject to a lower possibility of 
corporate manipulation or systematic fraud as it is collected 
from real transactions of consumers through an independent 
third-party vendor. Companies tend to manipulate earnings 
or revenue through early or late earnings recognition when 
such third-party independent data are not available to the pub-
lic (Allee, Baik, and Roh  2021). While the independent data 
vendor can pinpoint the exact time of each sale through the 
confirmation of receipt by consumers, we argue that online 
sales data are more objective and timely compared with fi-
nancial data disclosed by the company. Our first conjecture 
is that, during the period when online sales data are not avail-
able to the public, the company has a higher probability of en-
gaging in earnings manipulation or other misconduct, where 
we observe the growth rate of sales revenue disclosed in the 
company's annual report is significantly different from the 
growth rate of online sales. Therefore, we first construct an 
indicator DIFF, which is the difference between the growth 
rate of sales revenue disclosed in corporate annual reports and 
the growth rate of online sales; second, we examine whether 
this indicator DIFF can predict or identify financial statement 
fraud during the period when online sales data are not avail-
able to the public. We examine whether the greater the value 
of DIFF, the more likely that a company is going to conduct 
financial fraud. After 2018, the introduction of this additional 
information provides a unique experimental opportunity to 
examine the impact of alternative data directly extracted from 
e-commerce platforms on managerial behavior within those 
listed companies.

3   |   Data, Sample, and Variable Construction

3.1   |   Data and Sample

We compile data from two commercially available sources: 
CSMAR and WIND. China Stock Market and Accounting 
Research (CSMAR) database contains detailed financial ac-
counting information and daily stock returns for all firms pub-
licly traded in China since 1990, and it has been widely used 
in prior studies regarding Chinese firms (e.g., Fan, Wong, and 
Zhang 2007; Chen et al. 2012). CSMAR database also collects 
regulatory sanction and corporate fraud information, including 
all regulatory sanctions where the nature of fraud and fraud-
perpetrating years are recorded (Wu and Wang 2018).

WIND collects detailed information for online sales from pub-
licly traded companies that sell their products on e-commerce 
platforms. For each company and brand, the dataset includes 
total online sales, total number of products sold online, and 
average price of product sold online. Since December 2018, the 
dataset is available to the public and is updated at the beginning 
of each month and covers seven industries, including electronic 
appliances, food and beverages, medicine and biology, textiles 
and apparel, culture, education, sports and entertainment, 
building materials, and furniture and home furnishing.

For our main analysis, we obtained 233 companies with online 
sales information from WIND and identify those companies 
that have been listed before 2017 in CSMAR. Therefore, we can 
obtain financial data from 2017 and 2018, 2 years before and 
2 years (2019 and 2020) after the event in December 2018. Over 
the sample period from 2017 to 2020, there are a total of 647 
company-year observations (163 unique firms). Table 1 summa-
rizes the sample selection process.

3.2   |   Key Variable Construction

In this paper, we propose a new variable that aims to detect fi-
nancial statement fraud by adopting an independent source of 
data from company-level online sales, to provide a trustworthy, 
timely, and cost-efficient measure of a company's economic ac-
tivity. We construct a new variable DIFF using the difference 
between the growth rate of sales revenue disclosed in the compa-
ny's annual report and the growth rate of online sales collected 

TABLE 1    |    Sample selection.

Sample selection criteria for main 
analysis

Observations 
(firm-year)

All A-share listed companies that are 
covered in WIND Online Sales database 
during our sample period from 2017 to 
2020.

806

Less: Firms listed after 2017 (156)

Less: Firms with missing data for the 
main variables

(3)

Final sample 647
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by an independent vendor. If a company's accounting perfor-
mance grows faster (slower) than its real online sales activities, 
captured by a higher (lower) DIFF, it is possible that the firm is 
engaging in upward (downward) performance manipulation.3 
Traditionally, researchers have focused primarily on the use of 
key revenue related information from financial statements to 
measure earnings manipulation. However, it can be difficult to 
isolate discretionary and nondiscretionary components of earn-
ings and revenue because managers may be motivated to twist 
key financial measures to cover their misbehavior. To isolate this 
impact, we identify the alternative data of online sales from an 
independent reporting agency WIND that provides credible in-
sight into both the discretionary and nondiscretionary elements.

To assess financial statement fraud, we adhere to prior research 
(Wu and Wang 2018) and gather data from CSMAR. Information 
on regulatory sanctions and corporate fraud is sourced from the 
CSMAR database, detailing the type and year of fraud. Our 
focus is solely on violations linked to financial statement fraud, 
such as inflated profits and revenues, while excluding nonfinan-
cial transgressions from our sample, such as illegal stock trading 
and unauthorized loan guarantees. The variable FRAUD is an 
indicator that equals one if a firm engaged in financial state-
ment fraud in a given year, and zero otherwise.

3.3   |   Descriptive Statistics

Table 2 shows descriptive statistics for our main variables. For 
the full sample, FRAUD has a mean of 0.189, suggesting that 
18.9% of firm-years commit financial statement fraud and are 
detected by regulators. The variable DIFF has a mean (median) 
of −0.223 (−0.189), implying that sample firms' online sales 
growth rates are greater than their growth rates in financial 
statements on average. However, around 28% sample firms ex-
perience greater reported sales growth. The standard deviation 
of DIFF is 0.415, suggesting a large variation in the difference 
between reported sales growth and online sales growth. The 

mean value of reported sales growth (GROWTH) is 10.7%, while 
the corresponding value of online sales growth (E_GROWTH) is 
31.6%, implying that online sales grow faster. We also note that 
around 10% sample firms report a loss, 40% are audited by small 
auditing firms, and only 4.6% receive modified audit opinion.

Furthermore, we assess the significance of online sales in re-
lation to firms' fundamentals to validate our DIFF measure. 
In Appendix B, we present the results of the regression analy-
sis, which examines the reported sales growth (GROWTH) in 
financial reports and its correlation with online sales growth 
(E_GROWTH). Our findings reveal a significant and positive 
relationship between E_GROWTH and GROWTH, indicating 
that online sales data contain valuable and relevant informa-
tion about the overall sales performance of the business. These 
results align with previous studies from Froot et al. (2017) and 
Liao, Cui, and Sun (2021). After alternative online sales data be-
came available in December 2018, we compare the reported sales 
growth rate between the period from January 2017 to December 
2018 and the period from January 2019 to December 2020, by 
plotting distribution of GROWTH, the growth rate of sales rev-
enue disclosed in the company's annual report. In Figure 2, we 
find the distribution of GROWTH after 2018 has shifted left 
and is closer to zero. It suggests that firms reported lower sales 
growth when alternative data became available to the public.

4   |   Empirical Results

The main objective of our study is to examine the effect of 
changes in the information environment on financial statement 
fraud. In Section 4.1, we first examine the association between 
financial statement fraud and the difference between growth of 
online sales and growth of sales from financial statements be-
fore alternative data becomes available. In Section  4.2, we re-
examine this association after the introduction of online sales 
data from December 2018. In Section 4.3, we explore the possi-
ble external governance mechanism to explain the relationship 

TABLE 2    |    Summary statistics.

Variable N Unique firm Mean Median P25 P75 SD

FRAUD 647 163 0.189 0 0 0 0.391

DIFF 647 163 −0.223 −0.189 −0.451 0.023 0.415

POST 647 163 0.502 1 0 1 0.500

GROWTH 647 163 0.107 0.085 −0.012 0.200 0.233

E_GROWTH 647 163 0.316 0.277 0.056 0.568 0.375

SIZE 647 163 22.617 22.435 21.896 23.095 1.152

LEV 647 163 0.397 0.365 0.260 0.512 0.176

MTB 647 163 3.324 2.383 1.517 3.689 3.130

LOSS 647 163 0.104 0 0 0 0.305

Non-BIG10 647 163 0.400 0 0 1 0.490

VOL 647 163 0.024 0.024 0.019 0.028 0.006

ANAL 647 163 1.966 2.079 0.693 3.296 1.381

MAO 647 163 0.046 0.000 0.000 0.000 0.210
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between the availability of alternative data and financial state-
ment fraud. In Section 4.4, we examine the market reaction to 
the introduction of alternative data, providing indirect support-
ing evidence that investors value the information from this data 
source. In Sections 4.5 to 4.7, we provide additional robustness 
checks to validate our main results.

4.1   |   Univariate and Multivariate Tests

First, we investigate the association between corporate finan-
cial statement fraud before alternative data became available. 
Following Allee, Baik, and Roh (2021), we estimate the coeffi-
cients of the following OLS regression model:

where the dependent variable FRAUDi,t represents whether the 
firm i commits financial fraud in year t. DIFFi,t represents the 
difference between firm i's sales growth in financial statements 
and the online sales growth in year t. CONTROLi,t is a set of 

(1)
FRAUDi,t = �0+�1DIFFi,t+

∑

� iCONTROLSi,t

+YEAR FE+ IND FE+�
FIGURE 2    |    Density plot of sales growth rate. This figure plots the 
distribution of reported sales growth rate. The solid line represents the 
density plot of the reported sales growth prior to the availability of alter-
native data. The dotted line represents the density plot of the reported 
sales growth after alternative data are available. [Colour figure can be 
viewed at wileyonlinelibrary.com]

TABLE 3    |    Pearson correlation matrix.

Panel A: 2017–2018

FRAUD DIFF SIZE LEV MTB LOSS Non-BIG10 VOL MAO

FRAUD 1

DIFF 0.094** 1

SIZE −0.123** 0.151*** 1

LEV 0.152*** 0.178*** 0.377*** 1

MTB −0.043 −0.032 −0.009 −0.078 1

LOSS 0.305*** 0.043 −0.191*** 0.175*** −0.096* 1

Non-BIG10 0.046 −0.090 −0.051 −0.010 −0.008 0.002 1

VOL 0.097* 0.003 −0.142** 0.110** 0.059 0.232*** 0.062 1

ANAL −0.256*** −0.030 0.457*** −0.068 0.362*** −0.298*** −0.048 −0.030

MAO 0.347*** 0.009 −0.197*** 0.241*** −0.014 0.282*** −0.098* 0.079 −0.222***

Panel B: 2019–2020

FRAUD DIFF SIZE LEV MTB LOSS Non-BIG10 VOL ANAL

FRAUD 1

DIFF −0.046 1

SIZE −0.137** 0.013 1

LEV 0.171*** −0.035 0.253*** 1

MTB −0.039 0.009 0.073 0.051 1

LOSS 0.204*** −0.115** −0.189*** 0.201*** −0.071 1

Non-BIG10 −0.013 −0.058 −0.062 0.011 0.004 0.120** 1

VOL 0.178*** −0.050 −0.233*** 0.194*** 0.110** 0.178*** −0.013 1

ANAL −0.170*** 0 0.513*** −0.080 0.413*** −0.303*** −0.095* −0.210***

MAO 0.196*** 0.003 −0.135** 0.109* −0.044 0.351*** −0.013 0.212*** −0.174***

Note: The superscripts ***, **, and * denote statistical significance at 1%, 5% and 10%, respectively.
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control variables that affect a firm's fraud probability. Industry 
and year fixed effects are included to control for calendar-year-
specific and industry-specific effects.

Following prior literature (e.g., Chen et  al.  2016; Wu and 
Wang 2018; Allee, Baik, and Roh 2021), we control for firm size 
(SIZE), financial leverage (LEV), and market-to-book value 
(MTB) that are known to be associated with financial statement 
fraud. And we further include the loss indicator (LOSS), stock 
return volatility (VOL), non-big10 external auditing indicator 
(Non-BIG10), and analyst coverage (ANAL) in our model be-
cause a firm's financial health and external environment are im-
portant determinants of financial statement fraud (Lennox and 
Pittman 2010; Allee, Baik, and Roh 2021). To control for auditor's 

opinion, we constructed modified audit opinion (MAO), which 
is an indicator variable equal to one if the company receives a 
modified audit opinion, and zero otherwise.

Table  3 presents the correlation matrix for our main variable. 
Consistent with our prediction, we find that the Pearson correla-
tion between FRAUD and DIFF is 0.094 and significant prior to 
the availability of alternative data (Panel A). However, the cor-
relation becomes insignificant when alternative data become 
public (Panel B).

Across different specifications in Table 4, we find that the coef-
ficients on DIFF are positive and significant before 2019 with or 
without industry fixed effects and/or control variables. DIFF, earn-
ings manipulation proxy using alternative online sales data, one 
standard deviation increase in DIFF is associated with a 1.08% in-
crease in the financial statement fraud rate, which is economically 
important considering that the base rate of financial statement 
fraud is just 18.9% (Column 3). This result suggests that before the 
alternative data of online sales are available to the public, earn-
ings manipulation proxy leveraging the online sales data is both 
economically and statistically significant in association with cor-
porate fraud. The results imply that alternative data can be used to 
detect financial statement fraud prior to the publicity of the data.

4.2   |   Introduction of Alternative Data

Next, we re-examine this association between corporate fi-
nancial statement fraud and sales growth difference after the 
alternative data becomes available. Based on Allee, Baik, and 
Roh  (2021), we estimate the coefficients of the following OLS 
regression model:

where the dependent variable FRAUDi,t represents whether the 
firm i commits financial fraud in year t. If company i releases 
fraudulent data on its sales for 2019 in 2020, and this fraud is 
discovered in 2021, the specification is FRAUDi,2019. DIFFi,t rep-
resents the difference between firm i's sales growth in financial 
statements and the online sales growth in year t. POSTt is a dummy 
variable, equals one if year t is 2019 and 2020, and zero otherwise. 
CONTROLi,t is a set of control variables that affect a firm's fraud 
probability. Industry and year fixed effects are included to control 
for calendar-year-specific and industry-specific effects.

In Table 5 Panel A, we use the full sample from 2017 to 2020, 
and further examine whether the availability of alternative 
data weakens the association between financial fraud and sales 
growth difference by using model (2). In Columns (1) and (2) 
without any control variables, the coefficients on DIFF are pos-
itive and significant, and the coefficients on the interaction of 
DIFF and POST are negative and significant. In Column (3), we 
find the coefficient on the interaction term remains significantly 
negative after adding control variables. The results imply that the 
association between corporate fraud and sales growth difference 
becomes weaker after the publicity of alternative data. Consistent 
with previous literature (e.g., Chen, Harford, and Lin 2015), we 
find that firms with higher leverage ratio, negative earnings, 

(2)
FRAUDi,t = �0+�1DIFFi,t+�2DIFFi,t ×POSTt

+

∑

� iCONTROLSi,t+YEAR FE+ IND FE+�

TABLE 4    |    Growth difference and financial fraud prior to the 
availability of alternative data.

(1) (2) (3)

FRAUD FRAUD FRAUD

DIFF 0.029*** 0.031*** 0.026***

(7.97) (9.70) (7.61)

SIZE −0.009

(−0.62)

LEV 0.232

(1.05)

MTB 0.008

(0.90)

LOSS 0.272***

(21.03)

Non-BIG10 0.048***

(3.84)

VOL 3.500

(0.75)

ANAL −0.058***

(−6.73)

MAO 0.171

(1.12)

Constant 0.224*** 0.225*** 0.366

(23.49) (143.26) (1.07)

Ind and Year FE No Yes Yes

Observations 322 322 322

R2 0.009 0.023 0.168

Note: This table presents regression results investigating the relationship 
between the growth difference and financial statement fraud prior to the 
availability of alternative data (2017–2018). FRAUD, indicator variable equals 
one if a firm committed a fraud related to financial reporting in a given year, and 
zero otherwise. DIFF, the difference between a firm's sales growth in financial 
statements and the online sales growth. Detailed definitions of all variables are 
provided in Appendix A. The t-statistics in parentheses are based on standard 
errors clustered at the industry-year level. The superscripts ***, **, and * denote 
statistical significance at 1%, 5% and 10%, respectively.
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TABLE 5    |    Growth difference and financial fraud after alternative data are available.

Panel A

(1) (2) (3)

FRAUD FRAUD FRAUD

DIFF 0.029*** 0.031*** 0.028***

(8.13) (9.97) (7.02)

POST −0.065**

(−2.18)

DIFF × POST −0.051** −0.056** −0.044***

(−2.30) (−2.43) (−3.39)

SIZE −0.009

(−1.39)

LEV 0.170*

(1.71)

MTB 0.002

(0.59)

LOSS 0.148**

(2.23)

Non-BIG10 0.027***

(3.53)

VOL 6.260**

(2.15)

ANAL −0.038***

(−2.87)

MAO 0.341***

(3.59)

Constant 0.224*** 0.192*** 0.235

(23.98) (39.86) (1.38)

DIFF + DIFF × POST = 0 p-value = 0.330 p-value = 0.293 p-value = 0.245

Ind and Year FE No Yes Yes

Observations 647 647 647

R2 0.009 0.033 0.170

Panel B

(1) (2) (3)

FRAUD FRAUD FRAUD

DIFF −0.022 −0.024 −0.020

(−0.97) (−1.02) (−1.05)

SIZE −0.007

(−1.21)

(Continues)
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return volatility, and fewer analyst coverage are more likely to 
commit fraud. The results suggest that the difference between 
sales growth from online sales data and financial statements can-
not detect financial statement fraud when the online sales data 
becomes available to the public. We suspect that the managers 
understand the increased cost of such manipulation of sales data 
on financial statements and therefore modify their behavior once 
aware the online sales data would be available to the public.

In Table 5, Panel B, we use model (1) to re-examine the previous 
association after 2018. In contrast to prior findings in Table 4, 
we find that across different specifications, the coefficient on 
DIFF is insignificant after 2018. The results are consistent with 
what we documented previously in Table 5, Panel A.

4.3   |   External Governance Channels

Previous studies show that the role of information intermedi-
aries in corporate governance is crucial. Information inter-
mediaries can act as an external regulatory agency and play a 

significant role in studying fraud detection, insider trading, exec-
utive compensation, and other corporate governance fields. The 
alternative data provider can act as a new type of information 
intermediary and the alternative data itself can play an import-
ant role in providing external governance (Zhu 2019), therefore 
mitigating financial statement fraud or fraud. In this section, we 
explore the possible external governance mechanism to explain 
the relationship between the availability of alternative data and 
financial statement fraud.

Prior research documents that high-quality external auditors 
can perform a governance role and discourage financial state-
ment fraud (Fan and Wong 2005; Lennox and Pittman 2010). 
If the alternative data can play an external governance role, 
we expect that firms audited by low-quality auditors are more 
likely to benefit from the availability of alternative data. To test 
this hypothesis, we first construct the variable Non-BIG10, a 
dummy variable equals 1 if the company is not audited by the 
top 10 auditors in China, and then interact Non-BIG10, DIFF 
and POST in model (2). Consistent with our prediction, in 
Table  6, we find that the coefficients on interaction term are 

Panel B

(1) (2) (3)

FRAUD FRAUD FRAUD

LEV 0.088***

(3.47)

MTB −0.002

(−1.01)

LOSS 0.045

(0.67)

Non-BIG10 0.026***

(11.25)

VOL 10.268***

(4.81)

ANAL −0.015

(−1.58)

MAO 0.472***

(5.28)

Constant 0.160*** 0.159*** 0.027

(5.50) (20.13) (0.22)

Ind and Year FE No Yes Yes

Observations 325 325 325

R2 0.002 0.062 0.228

Note: Panel A presents regression results investigating whether the availability of alternative data weakens the relationship between the growth difference and 
financial statement fraud. Panel B presents regression results investigating the relationship between the growth difference and financial statement fraud after 
alternative data are available (2019–2020). FRAUD, indicator variable equals one if a firm committed a fraud related to financial reporting in a given year, and zero 
otherwise. DIFF, the difference between a firm's sales growth in financial statements and the online sales growth. Detailed definitions of all variables are provided 
in Appendix A. The t-statistics in parentheses are based on standard errors clustered at the industry-year level. The superscripts ***, **, and * denote statistical 
significance at 1%, 5% and 10%, respectively.

TABLE 5    |    (Continued)
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TABLE 6    |    Cross-sectional tests: external auditors.

(1) (2) (3)

FRAUD FRAUD FRAUD

DIFF 0.030*** 0.033*** 0.029***

(4.34) (5.29) (3.79)

POST −0.124***

(−3.36)

DIFF × POST −0.120*** −0.122*** −0.078***

(−5.50) (−5.61) (−3.70)

Non-BIG10 0.045*** 0.059*** 0.053***

(3.18) (8.58) (10.06)

DIFF × Non-BIG10 −0.002 −0.002 0.001

(−0.29) (−0.25) (0.11)

POST × Non-BIG10 −0.092*** −0.084*** −0.067***

(−3.59) (−6.01) (−3.11)

DIFF × POST × Non-
BIG10

−0.107*** −0.103*** −0.053**

(−4.40) (−4.61) (−2.18)

SIZE −0.009

(−1.43)

LEV 0.167

(1.63)

MTB 0.002

(0.58)

LOSS 0.148**

(2.10)

VOL 6.302**

(2.09)

ANAL −0.037**

(−2.60)

MAO 0.338***

(3.46)

Constant 0.252*** 0.201*** 0.231

(15.07) (30.97) (1.36)

Ind and Year FE No Yes Yes

Observations 647 647 647

R2 0.017 0.041 0.173

Note: This table presents regression results investigating the influence of 
external auditors on the relationship between the availability of alternative 
data and financial statement fraud. FRAUD, indicator variable equals one if 
a firm committed a fraud related to financial reporting in a given year, and 
zero otherwise. DIFF, the difference between a firm's sales growth in financial 
statements and the online sales growth. POST, indicator variable equals one if 
the year is 2019 and 2020 when alternative data are available. Non-BIG10, equals 
1 if the client firm is audited by a non-big10 auditing firm, and 0 otherwise. 
Detailed definitions of all variables are provided in Appendix A. The t-statistics 
in parentheses are based on standard errors clustered at the industry-year level. 
The superscripts ***, **, and * denote statistical significance at 1%, 5% and 10%, 
respectively.

TABLE 7    |    Cross-sectional tests: financial analysts.

(1) (2) (3)

FRAUD FRAUD FRAUD

DIFF 0.019*** 0.021*** 0.018***

(5.59) (6.92) (6.11)

POST −0.029**

(−2.57)

DIFF × POST −0.016** −0.022*** −0.028***

(−1.99) (−5.03) (−4.29)

Low_ANAL 0.221*** 0.223*** 0.166***

(10.48) (9.93) (5.05)

DIFF × Low_ANAL 0.027*** 0.026*** 0.028***

(6.70) (6.10) (4.87)

POST × Low_ANAL −0.118** −0.116** −0.129**

(−2.49) (−2.44) (−2.12)

DIFF × POST × Low_
ANAL

−0.070*** −0.069*** −0.035*

(−2.67) (−3.22) (−1.85)

SIZE −0.012*

(−1.85)

LEV 0.174

(1.59)

MTB −0.001

(−0.56)

LOSS 0.159**

(2.27)

Non-BIG10 0.026***

(3.19)

VOL 6.756**

(2.50)

MAO 0.171

(1.24)

Constant 0.132*** 0.115*** 0.018***

(20.34) (10.89) (6.11)

Ind and Year FE No Yes Yes

Observations 647 647 647

R2 0.057 0.081 0.178

Note: This table presents regression results investigating the influence of 
financial analysts on the relationship between the availability of alternative 
data and financial statement fraud. FRAUD, indicator variable equals one if 
a firm committed a fraud related to financial reporting in a given year, and 
zero otherwise. DIFF, the difference between a firm's sales growth in financial 
statements and the online sales growth. POST, indicator variable equals one 
if the year is 2019 and 2020 when alternative data are available. Low-ANAL, 
equals 1 if the industry-adjusted analyst coverage is negative, and 0 otherwise. 
Detailed definitions of all variables are provided in Appendix A. The t-statistics 
in parentheses are based on standard errors clustered at the industry-year level. 
The superscripts ***, **, and * denote statistical significance at 1%, 5% and 10%, 
respectively.
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negative and significant in all columns. The results suggest that 
the impact from alternative data availability on financial state-
ment fraud is greater among firms with low-quality auditors.

Second, Chen, Harford, and Lin (2015) and Chen et al.  (2016) 
find that financial analysts play an important external gover-
nance role in scrutinizing management behavior and deterring 
corporate fraud. We expect that firms with less analyst coverage 
are suffering from severer agency problems and the effects of 
alternative data will be more pronounced. To test this hypoth-
esis, we first construct variable Low_ANAL, which equals one 
if the industry-adjusted analyst coverage is negative, and then 
we add the interaction term of Low_ANAL, DIFF, and POST in 
model (2). In Table 7, we show that the coefficients on interac-
tion term are significantly negative, implying that the effects 
of alternative data availability on financial statement fraud is 
concentrated among firms with less analyst coverage.

4.4   |   Market Reaction

If the alternative data provide additional information for 
investors to detect corporate financial statement fraud, we 
expect a positive market reaction when alternative data are 
introduced for all the firms covered by the WIND online sales 
database.

We use the cumulative abnormal return around the announce-
ment date of the introduction of online sales data to investigate 
the market reaction to the availability of alternative data.4 We 
follow a standard event study procedure (Fracassi and Tate 2012; 
Kim and Klein 2017) to estimate the stock prices changes around 
the earliest public announcement of the introduction of the on-
line sales database. The market model is applied to an estimation 
period of 250 to 20 trading days prior to the announcement date 
of the alternative data introduction. We ensure that a firm has at 
least 60 trading days of data to calculate benchmark returns. The 
abnormal return (AR) for firm i on day t is calculated as follows:

where �̂ and �̂ are the ordinary least squares estimates of the in-
tercept and slope coefficient derived from the market model. Rit 
represents the daily stock return, and Rmt represents the market 
return using the value-weighted index to measure.

Return data are extracted from CSMAR for all companies cov-
ered by the WIND database. After obtaining abnormal return of 
each period of the stock, the cumulative abnormal returns (CAR) 
are calculated by aggregating daily ARs over time starting from 
before the day of alternative data availability announcement to 

after the announcement date. Cumulative abnormal returns for 
an event period from t1 to t2 can compute as follows:

where CARj is the cumulative abnormal return of firm j over 
the interval. Abnormal returns are computed during the event 
period from one trading day, two trading days, and three trading 
days before and after the event date.

Event study results in Table 8 shows the cumulative abnormal 
returns for all firms covered by the WIND online sales database. 
We present results for the 1-day event Window (−1, +1), 2-day 
event Window (−2, +2), 3-day event Window (−3, +3), 5-day 
event Window (−5, +5), and 10-day event Window (−10, +10). 
Averaged over all firms in the sample, a firm's stock covered by 
the WIND online sales database leads to an increase in mar-
ket valuation of 1.32% (significant at the 1% level) between day 
−1 and +1. We get consistent findings when using longer event 
Windows.5 These findings are broadly consistent with our ex-
pectation that the market has responded positively to those stock 
that are covered by the alternative data from WIND. These re-
sults provide indirect supporting evidence that alternative data 
can play an external governance role as investors do pay attention 
to this source of information. Unfortunately, our dataset lacks 
the necessary identifiers to distinguish between different types of 
investors. Consequently, our analysis captures aggregate investor 
behavior without the ability to segment by specific investor cate-
gories, which may limit the granularity of our findings.

4.5   |   Difference-In-Differences Analysis

The previous identification strategy used a pre-post analysis, 
which supported our findings about the diminished ability to 
detect financial statement fraud after the publicity of alternative 
data. To enhance the robustness of our analysis, we now em-
ploy a formal difference-in-differences (DID) approach. Table 9 
(Panel A) presents the regression results using a DID model 
during the same sample period, and we find consistent results. 
Treated group is the firms that are covered by the WIND on-
line sales database. To construct the matched control group, we 
first identify the sample of companies not covered by WIND. We 
then follow a standard matching process by estimating the prob-
ability that a firm is treated using a logit regression with data 
from the pre-publicity period. This logit regression includes the 
control variables from the main regression, as well as year and 
industry fixed effects. We create a matched sample using the 1:1 
nearest neighbor matching technique with a caliper set at 0.03, 
following Shipman, Swanquist, and Whited (2017).

(3)ARit = Rit − �̂ − �̂Rmt

(4)CAR
(

t1, t2
)

=

t2
∑

t1

ARt

TABLE 8    |    Market reaction to the availability of alternative data news.

Window period (−1, 1) (−2, 2) (−3, 3) (−5, 5) (−10, 10)

CAR 1.32%*** 1.71%*** 2.11%*** 1.06%** 1.14%**

p-value < 0.001 0.001 0.007 0.021 0.034

Note: This table contains the average cumulative abnormal returns (CAR) around the earliest alternative data availability news date of December 21, 2018, the date 
when WIND started to promote the online sales database on their official website. Daily abnormal returns are calculated as a firm's raw return minus the expected 
returns from a market model with parameters estimated over the −250 to −20 trading-day Window relative to the event date. The superscripts ***, **, and * denote 
statistical significance at 1%, 5% and 10%, respectively.
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TABLE 9    |    Difference-in-difference analysis.

Panel A: PSM + DID

(1) (2) (3)

FRAUD FRAUD FRAUD

TREAT 0.026

(0.53)

POST 0.014

(0.44)

TREAT × POST −0.096** −0.102** −0.102**

(−2.27) (−2.42) (−2.38)

SIZE 0.148***

(3.21)

LEV 0.262

(1.42)

MTB 0.003

(0.52)

LOSS 0.045

(0.93)

Non-BIG10 0.018

(0.51)

VOL −2.958

(−1.19)

ANAL 0.014

(0.79)

MAO 0.210***

(3.53)

Constant 0.206*** 0.229*** −3.201***

(5.72) (19.82) (−3.11)

Firm and Year FE No Yes Yes

Observations 902 902 902

R2 0.007 0.671 0.688

Panel B: Falsification analysis

(1) (2) (3)

FRAUD FRAUD FRAUD

TREAT −0.037

(−0.88)

POST2016 0.037

(0.99)

TREAT × POST2016 0.037 0.050 0.048

(0.72) (0.96) (0.91)

(Continues)

Panel B: Falsification analysis

(1) (2) (3)

FRAUD FRAUD FRAUD

SIZE −0.078

(−0.99)

LEV 0.330

(1.40)

MTB −0.009

(−1.08)

LOSS 0.034

(0.40)

Non-BIG10 −0.000

(−0.00)

VOL 1.584

(0.50)

ANAL 0.018

(0.61)

MAO 0.111

(0.74)

Constant 0.195*** 0.190*** 1.747

(6.05) (13.03) (1.03)

Firm and Year FE No Yes Yes

Observations 874 874 874

R2 0.006 0.515 0.522

Note: Panel A presents regression results using a difference-in-difference (DID) 
model. The dependent variable, FRAUD, is an indicator variable that equals one 
if a firm committed financial reporting fraud in a given year, and zero otherwise. 
The variable TREAT is an indicator that equals one if the firm is covered by 
the WIND online sales database, and POST is an indicator that equals one 
for the years 2019 and 2020, when alternative data are available. To improve 
comparability, the sample includes observations from industries (3-digit) with 
more than five unique treated firms. To construct the matched control group, 
we first estimate the probability that a firm is treated using a logit regression 
with data from the pre-publicity period. The logit regression includes the control 
variables used in the main regression, as well as year and industry fixed effects. 
The estimated coefficients for the main variables from the first stage are (bold 
coefficients indicate significance at the 1% level; constant, year and industry 
dummies suppressed): TREAT = 0.34SIZE-1.07LEV + 0.00MTB + 0.43LOSS-
0.37Non-BIG10–35.12VOL + 0.38ANAL + 0.51MAO. We then create a matched 
sample using the 1:1 nearest neighbor matching technique with a caliper set 
at 0.03, following Shipman, Swanquist, and Whited (2017). Panel B reports 
the falsification test results using a difference-in-difference model. We use a 
placebo coverage year of 2016 and use the sample from the pre-period, 2015 
to 2018. FRAUD, indicator variable equals one if a firm committed a fraud 
related to financial reporting in a given year, and zero otherwise. TREAT, 
indicator variable equals one if the firm is covered by the WIND online sales 
database. POST2016, indicator variable equals one if the year is 2017 and 2018. 
We construct matched control group same as Panel A. Detailed definitions of 
all variables are provided in the Appendix A. The t-statistics in parentheses are 
based on standard errors clustered at the firm level. The superscripts ***, **, and 
* denote statistical significance at 1%, 5% and 10%, respectively.

TABLE 9    |    (Continued)
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In addition, Table 9 (Panel B) presents the falsification test re-
sults using a DID model. We use a placebo coverage year of 2016 
and a sample from the pre-period, 2015 to 2018. The variable 
POST2016 is an indicator that equals one for the years 2017 and 
2018. We construct the matched control group using the same 
method as in Panel A. We do not find any significant results 
across different specifications.

The paper primarily relies on the constructed DIFF indicator to 
identify the effect of the availability of alternative data on the 
prediction of corporate fraud. While the DID approach cannot 

construct the DIFF indicator, it provides great robustness sup-
port for our results.

4.6   |   Alternative Dependent Variable

The current dependent variable is binary and may not capture 
the intensity of financial statement fraud. To address this, we 
have constructed a new variable, PUNISH, to capture the inten-
sity of financial statement fraud based on the announcement 
documents issued by the regulatory authorities. This variable is 

TABLE 10    |    The severity of financial statement fraud.

(1) (2) (3)

Ln (PUNISH+1) Ln (PUNISH+1) Ln (PUNISH+1)

DIFF 0.021*** 0.023*** 0.020***

(6.94) (8.17) (5.35)

POST −0.039*

(−1.88)

DIFF × POST −0.035** −0.037** −0.028***

(−2.16) (−2.28) (−2.94)

SIZE −0.011

(−1.49)

LEV 0.208**

(2.71)

MTB −0.003

(−1.06)

LOSS 0.094

(1.50)

Non-BIG10 0.055***

(4.73)

VOL 4.843**

(2.02)

ANAL −0.027**

(−2.33)

MAO 0.340***

(4.03)

Constant 0.159*** 0.140*** 0.251

(17.59) (35.73) (1.46)

Ind and Year FE No Yes Yes

Observations 633 633 633

R2 0.006 0.030 0.182

Note: This panel presents regression results using an alternative variable that captures the severity of the financial statement fraud. PUNISH, a variable equals one if 
the firm is ordered to rectify by the regulatory authority, equals two if the executives of the firm are criticized or warned by the regulatory authority, equals three if 
the firm and executives is publicly reprimanded by the regulatory authority, equals four if the firm is fined by the regulatory authority, and zero otherwise. DIFF, the 
difference between a firm's sales growth in financial statements and the online sales growth. POST, indicator variable equals one if the year is 2019 and 2020 when the 
alternative data are available. Detailed definitions of all variables are provided in the Appendix A. The t-statistics in parentheses are based on standard errors clustered 
at the industry-year level. The superscripts ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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defined as follows: one if the firm is ordered to rectify by the reg-
ulatory authority, two if the executives of the firm are criticized 
or warned by the regulatory authority, three if the firm and its 
executives are publicly reprimanded by the regulatory authority, 
four if the firm is fined by the regulatory authority, and zero 
otherwise. In China, directives for rectification or warnings 
from regulatory authorities are relatively mild, whereas public 
reprimands or fines signify more serious violations. Table  10 
shows that the results are robust and consistent with our main 
findings.

4.7   |   Robustness Check

Although we have panel data, the period for examining growth 
difference changes spans only 4 years. Following Breuer and 
Dehaan (2024), we use industry fixed effects instead of firm fixed 
effects to ensure sufficient variation in our analysis. However, 
we include firm fixed effects in our main regressions, and the 

TABLE 11    |    Robustness tests: firm fixed effects.

(1) (2)

FRAUD FRAUD

DIFF 0.023** 0.013**

(2.51) (2.41)

DIFF × POST −0.035*** −0.028***

(−3.29) (−2.70)

SIZE 0.265***

(4.88)

LEV 0.207

(1.32)

MTB 0.005

(0.60)

LOSS 0.124**

(2.41)

Non-BIG10 0.000

(0.02)

VOL −3.235*

(−1.91)

ANAL −0.000

(−0.01)

MAO 0.229***

(3.02)

Constant 0.192*** −5.839***

(44.03) (−4.77)

Firm and Year FE Yes Yes

Observations 647 647

R2 0.625 0.648

Note: This table presents regression results using firm fixed effects instead of 
industry fixed effects. FRAUD, indicator variable equals one if a firm committed 
a fraud related to financial reporting in a given year, and zero otherwise. DIFF, 
the difference between a firm's sales growth in financial statements and the 
online sales growth. POST, indicator variable equals one if the year is 2019 
and 2020 when the alternative data are available, and 0 otherwise. Detailed 
definitions of all variables are provided in the Appendix A. The t-statistics in 
parentheses are based on standard errors clustered at the industry-year level. 
The superscripts ***, **, and * denote statistical significance at the 1%, 5%, and 
10% levels, respectively.

TABLE 12    |    Robustness tests: logit model.

(1) (2) (3)

FRAUD FRAUD FRAUD

DIFF 0.324*** 0.370*** 0.376***

(3.54) (3.47) (3.21)

POST −0.443**

(−2.11)

DIFF × POST −0.457*** −0.518*** −0.492***

(−2.89) (−2.96) (−3.29)

SIZE −0.096*

(−1.88)

LEV 1.225*

(1.79)

MTB −0.004

(−0.14)

LOSS 0.751**

(2.27)

Non-BIG10 0.172***

(3.60)

VOL 44.404**

(2.26)

ANAL −0.280***

(−3.62)

MAO 1.640***

(3.30)

Constant −1.214*** −1.149*** 0.285

(−19.98) (−28.18) (0.24)

Ind and Year FE No Yes Yes

Observations 647 621 621

Pseudo R2 0.011 0.019 0.149

Note: This table presents main regression results using the logit model instead 
of linear probability model. FRAUD, indicator variable equals one if a firm 
committed a fraud related to financial reporting in a given year, and zero 
otherwise. DIFF, the difference between a firm's sales growth in financial 
statements and the online sales growth. POST, indicator variable equals one 
if the year is 2019 and 2020 when the alternative data are available. Detailed 
definitions of all variables are provided in Appendix A. The z-statistics in 
parentheses are based on standard errors clustered at the industry-year level. 
The superscripts ***, **, and * denote statistical significance at the 1%, 5%, and 
10% levels, respectively.
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results remain consistent and robust, as shown in Table 11. In 
models (1) and (2), we use OLS regression instead of logit model 
to facilitate the interpretation of the regression coefficients. In 
Table 12, we report the results using logit model and find consis-
tent results. The results suggest that our main findings are not 
sensitive to regression models.

The COVID-19 pandemic has significantly impacted busi-
nesses worldwide, with many experiencing a sharp decline in 

sales (Rababah et al. 2020). Notably, there has been a shift to-
wards online sales, particularly during 2020 (Roggeveen and 
Sethuraman 2020). To ensure our results are not influenced by 
this factor, we exclude data from 2020 and re-evaluate our find-
ings. In Table 13, we observe that our results remain consistent 
with our previous findings, suggesting that they are not solely 
driven by the effects of COVID-19.

5   |   Conclusion

In this study, we first examine the association between financial 
statement fraud and the availability of alternative data derived 
from online consumer transactions. We show that online sales 
data independently collected by third-party vendors can detect 
financial statement fraud in the e-commerce industry before 
2018 when the alternative data are not available to the public. 
One standard deviation increase of the gap between the alter-
native data from online sales and actual revenue from financial 
statements is associated with a 1.08% increase in the probability 
of corporate financial statement fraud, which is around 5.71% in-
crease considering that the base rate of corporate fraud is 18.9%. 
Second, we leverage an exogenous event to the companies in 
2018, when the WIND company made alternative online sales 
data available to third parties for purchase. The results imply 
that the association between financial statement fraud and sales 
growth difference becomes weaker after the publicity of alter-
native data. Third, we examine a possible external governance 
mechanism to explain the relationship between the availabil-
ity of alternative data and corporate financial statement fraud. 
We show that the impact from alternative data availability on 
financial statement fraud is greater among firms with less an-
alyst coverage, as well as lower quality auditors. At the end, we 
provide indirect supporting evidence that investors value the in-
formation from this alternative data source as the market shows 
positive reaction to the introduction of alternative data.

Based on the above, our study proposes a new information in-
termediary, alternative data provider, and illustrates the positive 
role of alternative data in detecting corporate financial statement 
fraud while providing supporting evidence that alternative data 
can act as an external governance mechanism in mitigating fi-
nancial statement fraud in the firms with relatively less external 
governance systems. Second, we contribute to the growing litera-
ture on the impact of technology on financial statement fraud and 
corporate governance. In recent papers, multiple technological 
innovations have been documented in the context of the capital 
market. We provide new insights and supporting evidence that 
the introduction of alternative data from online sales plays an im-
portant role in mitigating financial statement fraud. Third, our 
findings contribute to research in forensic economics in general 
and in nonfinancial measures (NFMs) in particular. Our study 
highlights the importance of alternative data from a separate 
source, such as online sales, for financial statement fraud and 
fraud detection. While we conduct a variety of tests to enhance 
the validity of our results, we still use a single data source to mea-
sure online sales activity. Considering the emergence of big data 
and alternative data, we anticipate that future researchers will 
seek to examine whether other alternative data and availability of 
those alternative data are useful in detecting financial statement 
fraud and have an impact on corporate governance.

TABLE 13    |    Robustness tests: Covid-19 influence.

(1) (2) (3)

FRAUD FRAUD FRAUD

DIFF 0.027*** 0.031*** 0.028***

(6.48) (9.98) (6.77)

POST −0.032**

(−2.63)

DIFF × POST −0.025*** −0.025*** −0.025***

(−5.29) (−6.44) (−3.74)

SIZE −0.012

(−1.32)

LEV 0.177

(1.22)

MTB 0.001

(0.13)

LOSS 0.169

(1.69)

Non-BIG10 0.038***

(4.28)

VOL 6.193

(1.43)

ANAL −0.049***

(−4.20)

MAO 0.250***

(2.90)

Constant 0.224*** 0.214*** 0.361*

(23.76) (69.35) (1.71)

Ind and Year FE No Yes Yes

Observations 484 484 484

R2 0.007 0.019 0.144

Note: This table presents main regression results using the sample period from 
2017 to 2019 to avoid the influence of Covid-19 in 2020. FRAUD, indicator 
variable equals one if a firm committed a fraud related to financial reporting 
in a given year, and zero otherwise. DIFF, the difference between a firm's sales 
growth in financial statements and the online sales growth. POST, indicator 
variable equals one if the year is 2019 when alternative data are available. 
Detailed definitions of all variables are provided in Appendix A. The t-statistics 
in parentheses are based on standard errors clustered at the industry-year level. 
The superscripts ***, **, and * denote statistical significance at the 1%, 5%, and 
10% levels, respectively.
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Endnotes
1	Available to the public:WIND subscribers can browse, download, and 

use online sales data for free. This data was not available to the public 
before December 2018.

2	https://​www2.​deloi​tte.​com/​conte​nt/​dam/​Deloi​tte/​cn/​Docum​ents/​
consu​mer-​busin​ess/​deloi​tte-​cn-​cb-​consu​mer-​goods​-​and-​retai​l-​indus​
try-​overv​iew-​zh-​210922.​pdf.

3	However, unlike upward earnings manipulation, such as inflating 
revenue, downward manipulation is generally more acceptable to 
external auditors and regulatory authorities in China (Lennox, Wu, 
and Zhang  2016). As a result, firms engaging in downward perfor-
mance manipulation face a lower likelihood of penalties (Kinney and 
Martin 1994).

4	We carefully review Kim and Klein  (2017) and believe that our set-
ting adheres to the four foundational assumptions of the event study 
methodology.

5	Untabulated results show a significant increase for companies that 
committed accounting manipulation in the past (2.19% vs. 1.26%). 
However, this increase was not statistically significant for companies 
with fewer analysts or less reputable auditing firms. A possible expla-
nation for this is that investors may prioritize concerns about a com-
pany's history of fraud over factors like analyst coverage and auditor 
reputation (Brazel et al. 2015).
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Appendix A

Variable Definitions

FRAUD Financial fraud, indicator variable equals one 
if a firm committed a fraud related to financial 
reporting (e.g., inflated profits and revenues) 

in a given year, and zero otherwise.

DIFF Growth difference, the difference between 
a firm's sales growth in financial statements 

(GROWTH) and the online sales growth 
(E_GROWTH).

POST Indicator variable equals one if the year is 
2019 and 2020.

SIZE The natural logarithm of total assets.

LEV Financial leverage, calculated as total 
liabilities divided by total assets.

MTB Market-to-book, calculated as the market 
value of equity divided by the book value of 

equity.

LOSS Indicator variable equals one if the firm 
reports a negative net income.

Non-BIG10 Indicator variable equals one if the client firm 
is audited by a non-big10 auditing firm, and 0 

otherwise.

VOL Annualized standard deviation of daily stock 
returns.

ANAL The natural logarithm of the number of 
analysts following the firm plus 1.

MAO An indicator variable equal to one if the 
company is issued a modified audit opinion, 

and zero otherwise.

PUNISH Fraud severity, equals one if the firm is 
ordered to rectify by the regulatory authority, 

equals two if the executives of the firm 
are criticized or warned by the regulatory 

authority, equals three if the firm and 
executives is publicly reprimanded by the 

regulatory authority, equals four if the firm 
is fined by the regulatory authority, and zero 

otherwise.

GROWTH The percentage change in total sales reported 
in financial statements.

E_GROWTH The percentage change in online sales.
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Appendix B

Online Sales Growth and Reported Sales Growth

(1) (2)

GROWTH GROWTH

E_GROWTH 0.022*** 0.018***

(2.82) (2.75)

SIZE −0.012

(−1.02)

LEV 0.155**

(2.36)

MTB 0.004

(1.42)

LOSS −0.172***

(−6.01)

Non-BIG10 −0.024

(−1.37)

VOL 2.610*

(1.71)

ANAL 0.032***

(3.78)

MAO −0.096***

(−3.07)

Constant 0.095*** 0.183

(8.82) (0.68)

Ind and Year FE Yes Yes

Observations 647 647

R2 0.151 0.291

Note: This table presents the results investigating the relation-
ship between the reported sales growth (GROWTH) in 
financial reports and the online sales growth (E_GROWTH). 
GROWTH, the percentage change in total sales reported in 
financial statements. E_GROWTH, the percentage change in 
online sales. Detailed definitions of all variables are provided in 
Appendix A. The t-statistics in parentheses are based on 
standard errors clustered at the industry-year level. The 
superscripts ***, **, and * denote statistical significance at 1%, 
5% and 10%, respectively.
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