
Journal of Forensic and Investigative Accounting 

Volume 13: Issue 1, January–June 2021 

 

41 

*The authors are, respectively, Professor and Associate Professor at the University of Michigan–Dearborn, and Professor at the 

University of Akron. 

 

 

Examining the Relationship Between Management Fraud and Economic Change 

Brian Patrick Green 

Lee Redding 

Thomas G Calderon* 

 

Introduction 

 

 In 2008, the Institute of Internal Auditors (IIA), American Institute of Certified Public Accountants (AICPA), and 

Association of Certified Fraud Examiners (ACFE) jointly defined fraud, as “… any intentional act or omission designed to 

deceive others, resulting in the victim suffering a loss and/or the perpetrator achieving a gain (IIA et al., 2008, p. 5).” Six 

years earlier the AICPA issued Statement on Auditing Standard (SAS) No. 99 (2002) requiring the external auditor to plan 

the audit to search for material misstatements, including fraud. Specifically, the auditor is required to gather evidence to 

identify and assess the risk of material misstatements that are due to either errors or fraud. In 2017, the PCAOB reiterated 

the auditor’s role to indicate a responsibility for providing reasonable assurance that audited financial statements are free of 

material misstatements “whether due to error or fraud” (PCAOB, 2017). While the standards suggest that the auditor should 

focus on multiple internal sources of risk such as management’s excessive interest in earnings, capital issues relating to 

debt, working capital, and investments, it offers only a few examples of external economic conditions. A focus on such 

endogenous risks could downplay the potential significance of exogenous data such as aggregate economic risk measures 

that could affect management’s incentives and propensity to perpetrate fraud. 

In this study, we examine the relationship between changing macroeconomic conditions and the frequency and 

magnitude of management fraud. Conditions examined include proxies for availability of credit, expected growth or decline 

in the broad economy, and corporate profitability at the macro level. We find that higher corporate profits, good 

macroeconomic economic conditions and lower interest rates are significantly associated with increases in the magnitude 

of frauds. Further, our results show that consumer sentiment is a significant factor in explaining the frequency of both 

contemporaneous and future fraud incidents.  

Several issues related to the prior literature motivate this study, including: 1) conflicting results reported in 

theoretical models and empirical studies, 2) questions about the reliability of publicly available data used in empirical 

studies, and 3) the lack of studies that precisely link the actual timing of frauds with aggregate economic troughs and peaks 

in the economy.  

The first motivation is critical since some studies report increases in frauds during economic prosperity, while others 

indicate that frauds increase during economic decline. For example, the findings by Liu and Ryan (2005 and 2006) suggest 

that management may manipulate earnings during both good and bad times. This conflicts with such theoretical analyses as 

Blanque’s (2003) and Povel, Singh, and Winton’s (2007), which predict that management will engage in earnings 

manipulation only in bad times. In relation to the second motivation, studies such as Wang et al., (2010) used Stanford Law 

School’s Securities Class Action Clearinghouse to create a database of frauds. Although Wang et al., (2010) supplemented 

their data with SEC/AAERs, the use of the Securities Class Action Clearinghouse is a less reliable indicator of fraud 

occurrence as the clearinghouse lists class action lawsuits by investors. Class action lawsuits may be strong indicators of 

potential investor loss, but not reliable indicators of actual management fraud.  

The third motivation is also substantial because some prior studies have hypothesized that frauds occur during 

specific points in an economic business cycle, though they describe time frames subsequent to the actual initiation of the 

fraud. For example, related studies examining earnings management have used the Securities and Exchange Commission’s 
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Accounting and Auditing Enforcement Releases (SEC/AAER) issue date and not the actual time period of the fraud (e.g., 

Kedia and Philippon, 2009). However, as reported by Green and Choi (1997), there is a 24-month average time lag between 

the end of a financial statement fraud and the release date of an AAER. Some lag times extend to as many as five years. 

Moreover, the time period between the start and end of a fraud can be an additional 18 to 24 months. Therefore, SEC/AAER 

issue dates may be four or more years after the initial date of the actual fraud. Variations in the event date can cause 

conflicting results or even inappropriate results (Karpoff et al., 2017).  

 Audit standards generally discuss pressure, opportunity and attitude as a fraud triangle, which classifies conditions 

that may be present when fraud occurs (PCAOB, 2016). While all three conditions contribute to the potential for fraud 

occurrence, few frauds may transpire without “pressure.” Often the pressure is based on economic gain. Financial statement 

fraud, involving management intentionally overstating a company’s positions, may be directly related to self-interest, such 

as increasing executive compensation and expanding a company’s access to capital through both public and non-public 

financial markets (Beasley et al., 2010).  

 Finally, most studies have focused on earnings management and business cycles within industries. Our study 

examines financial statement frauds relative to aggregate economic conditions. Business cycles for individual firms and 

even entire industries may not follow the same patterns as aggregate economic conditions. Many firms engage in earnings 

management to conceal their true performance (Dechow et al., 1996). Over time, extended earnings management may leave 

managers with limited room to further increase revenues and decrease expenses through discretionary accruals. Attempts to 

reverse prior earnings management discretionary accruals may increase pressure to commit financial statement fraud 

(Dechow et al., 1996, Perols and Lougee, 2010). Intuitively, management will seek to reverse the effects of earnings 

management during periods that appear most favorable to them when their actions might seem consistent with 

macroeconomic activity (e.g., a big bath during general economic decline or an earnings surge during periods when the 

economy is booming).  

 The remainder of the article is organized into five sections. The first section discusses increasing severities of 

financial statement manipulation and their relationship to economic growth and declines. Prior literature has examined 

income smoothing, earnings management, and management fraud relevant to changes in business cycles and the overall 

economy. The second section describes the aggregate economic measures we examine and associated research questions. 

The third section presents the study’s methodology. In the fourth section, we present the results and analysis. The final 

section offers conclusions, theoretical and practical concerns, study limitations and suggestions for future research. 

Literature Review 

Prior studies have discussed various levels of financial statement manipulation and their relationship to economic changes. 

These studies examine such topics as income smoothing, earnings management, and management fraud in the context of 

changes in business cycles and the overall economy. Income smoothing differs from earnings management in that smoothing 

is used by management to remove income volatility, while earnings management is normally used as an income increasing 

activity. AS 2401, Consideration of Fraud in a Financial Statement Audit, states that “fraud is an intentional act that results 

in a material misstatement in financial statements…designed to deceive financial statement users” (PCAOB, 2016: AS 2401 

.05-.06). This literature review is organized based on the severity of management’s manipulation of the financial statements. 

The review also includes supportive risk factors described in AS 2401 (PCAOB, 2016). 

Income Smoothing  

 Liu and Ryan (2006) examined the effect of changing bank regulation on management income smoothing. Using a 

sample of banks drawn from the boom period 1991 to 2000, they found that profitable banks smoothed income downward 

by overstating provisions for bad debt, as well as accelerating charge-offs of loans they eventually recovered. This is also 

consistent with an earlier analytical model posited by Kirschenheiter and Melumad (2002), predicting managers may smooth 

income downward during good economic times. The combined findings of Liu and Ryan (2005) and (2006), based on actual 

data, conflict with expected behavior predicted by the theoretical models presented in Blanque (2003) and Povel et al., 

(2007). While Blanque (2003) and Povel et al., (2007) predict income manipulation only during good economic times, Liu 

and Ryan (2005) find income smoothing behavior during both boom-and-bust business cycles. Vladu (2013) also examined 

income smoothing behavior of Spanish corporations during an economic crisis from 2008 to 2009. Vladu hypothesized that 

companies have an incentive to behave differently in bad economic versus good economic times and tend to decrease income 

smoothing activities during times of financial crisis. Vladu used 1,044 observations from the Madrid Stock Exchange for 
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the eight-year period from 2005 through 2012. The study found that income smoothing activities did decrease during the 

economic crisis, possibly due to the reversal of prior management earning activities. The decrease in activities may occur 

in periods when investors expect declines in income or the reporting of losses. Conversely, earnings management and 

income smoothing behavior may increase in good economic times when investors expect higher levels of income.  

 Earnings Management 

 The Panel on Audit Effectiveness (2000) states that earnings management is on a continuum, lying between 

legitimate accounting and fraud. Earnings management, which goes beyond managing income volatility, involves actively 

taking steps to increase reported income. Kedia and Philippon (2009) studied the economic consequences of earnings 

management. While previous studies had reported the existence of earnings management, as well as its motivation, they 

focused their study on the economic consequences. Kedia and Philippon’s (2009) results show that periods of high stock 

market valuations are normally accompanied by increases in reported fraud. High stock market valuations were measured 

by the ratio of stock market values to gross domestic product (GDP). The authors mapped the movement of high valuations 

with SEC actions, finding correlated movement between 1936 and 2003. The authors further hypothesized that periods of 

high market valuation are also associated with periods of suspicious accounting and insider trading. During these periods 

of high valuation, management tends to make bad decisions by over hiring employees and over investing in capital assets. 

Kedia and Philippon also used firm specific data from 1997 until 2002 to search for restatements as an indicator of earnings 

management. Using a 1997 sample of 1,146 firms, they found that organizations identified with elements of bad corporate 

governance were more likely to restate their financial statements from 1998 to 2002, leading to a higher instance of later 

reported fraud.  

 Beneish (1999) and Healy (1985) also examined incentives to manage earnings. Beneish found that income 

increasing accruals were used when management came close to violating a debt covenant. Similarly, Healy’s research found 

that management use income increasing accruals to increase current bonuses. Several prior studies, including Dechow et 

al., (1996), discuss the aftermath of continued earnings management. They suggest that at some point a reversal of the 

earnings management must take place to hide the income increasing discretionary accruals. Over time, extended earnings 

management may leave management with limited room to further increase revenues and decrease expenses through 

discretionary accruals. Attempts to reverse prior earnings management through discretionary accruals may increase pressure 

to commit financial statement fraud.  

 More recently, Perols and Lougee (2011) also studied the relationship between earnings management and fraud. 

They extend the literature on the link between incentives to manage earnings and subsequent financial statement fraud. 

Perols and Lougee measure earnings management through artificially high revenues using a revenue per employee 

relationship. Using a sample of 54 SEC/AAER reported frauds (1999–2005), they find that the probability of fraud is 

significantly higher in firms that previously managed earnings. Dechow et al., (2011) also state that management use higher 

accruals, giving higher earnings, before using the more aggressive methods (i.e., fraud) reported in the SEC/AAERs.  

 In the above studies that used SEC/AAERs, the authors focus on when the frauds were reported and not the actual 

time period when they occurred. Since SEC action significantly lags the actual fraud time frame, research based on the issue 

date of SEC reports may not correctly place the actual timing of fraud in the correct economic boom or bust cycles. Green 

and Choi (1997) report an average of 24 months between the balance sheet date of the financial statements containing the 

fraud and SEC action. Beneish (1999) report an average of 28 months between SEC action and the occurrence of fraud. In 

addition, Karpoff et al., (2017) report that typical violation period before an event triggers an SEC investigation is about 27 

months and it takes an additional 27 months before the SEC or DOJ issues an enforcement release. This implies a lag of 54 

months between the initial date of the fraud and the date of the SEC action. This is important because most prior studies use 

either the SEC/AAER issue date or the date of the balance sheet when the fraud ended. Our study uses the date when the 

fraud began, matching it with the economic measure’s time frame, properly placing the fraud occurrence in the business 

cycle. Since the average length of a business cycle (as estimated by the National Bureau of Economic Research BER for 

the U.S. economy since World War II) is roughly six years, SEC/AAER issue dates lag the actual fraud by close to the full 

length of a business cycle. Thus, researchers who use an AAER issue date could inadvertently match the fraud occurrence 

with an incorrect economic environment and business cycle.  

 Fraud Risk Factors, Economic Decline, and Audit Resources  

 Many of the risk factors found in the appendix to AS 2401 relate directly to economic conditions that may motivate 
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management to commit a fraud (PCAOB, 2016). For example, the standard describes financial and profit conditions that 

the macroeconomic environment may threaten. These include decline in customer demand, business failures in the overall 

economy, negative cash flows from operations, or rapid growth of a company compared to other companies. Management 

may also feel pressured to continue profit trends in order to meet the expectations of creditors and other suppliers of capital, 

and the need to obtain additional debt funding to be competitive. Finally, management’s personal financial conditions may 

be affected by a company’s declining results when compensation is contingent on operating results. There are two 

noteworthy issues embedded in AS 2401. First, the PCAOB recognizes that even normally honest management will commit 

fraud when substantial pressure exists. Second, the appendix describes incentive risk factors that are more likely to occur 

under economic decline than economic prosperity.  

 Early studies considered the specific risk characteristics of a company. For example, Green and Choi (1997) used 

financial distress ratios in a back propagation neural network to classify fraud and non-fraud in U.S. financial statements. 

Their model correctly classified 86% of the overall sample as either fraudulent or non-fraudulent companies. Similarly, 

Spathis (2002) examined the effectiveness of ten financial ratios to detect fraud in Greek financial statements and reported 

classification accuracy rates above 84%. More recently, Fukukawa, Mock, and Wright (2011) studied how individual client 

risk factors were categorized, and how they were integrated into audit planning decisions. Using a sample of working papers 

for 228 Japanese audit clients, they found that auditors classified risk similar to the risk assessment standards. In addition, 

they report management’s level of aggressive forecasts and industry decline (but not industry growth) had a significant 

impact on risk and the allocation of audit resources. The authors suggest that resources and audit hours may be increased 

based on external audit risks, such as a declining industry, that are mentioned in the risk assessment standards (i.e., SAS 

No. 109 and AS 2401). Consistent with auditing standards, Fukukawa, Mock, and Wright (2011) found evidence of 

increases in audit resources during periods of economic decline, while prior academic research reports increases in income 

smoothing, earnings management, and fraudulent behavior during periods of economic growth (e.g., Blanque 2003, Povel 

et al., (2007) and Wang et al., (2010)). This further suggests that audit practice methods are contrary to academic research 

findings. While research suggests increased pressure to commit fraud during periods of economic growth, auditors respond 

with increased resources during periods of economic decline.   

 Economic Downturn as an External Fraud Risk Factor 

 Blanque (2003) offers a general discussion on the relation between financial crisis and fraud, using historical 

examples from the late 19th century through early 2000. The discussion included examples from the 1980’s bank and savings 

and loan crisis. Blanque postulates that frauds begin during economic prosperity, continue to grow during a financial crisis, 

and are discovered during the subsequent economic crash. Specifically, business cycles motivate credit cycles. Credit 

regulators tend to ease credit regulation as business growth improves the economy. The ease of credit restrictions places 

excess liquidity in the markets eventually leading to a financial crisis and fraud. Blanque believes that it is the excess 

liquidity during prosperous times that motivates frauds. Blanque’s (2003) results support the theory that frauds may be 

motivated by increased availability of credit. It should be noted excess liquidity may be a motivation for banks and financial 

institutions to take on more risk in their lending portfolios. As loan portfolios increase, banks have added incentives to 

approve marginally less attractive loans to further expand their portfolios. This in turn could lead to a rise in fraudulent 

financial reporting to overstate the quality of loan portfolios and the quality of associated assets. Further, the beneficiaries 

of more liberal credit policies could themselves have incentives to increase their attractiveness to lenders or to adopt 

aggressive financial reporting policies to assure compliance with debt covenants.  

 Several prior studies have developed theoretical models in an attempt to explain the link between investor behavior, 

monitoring cost, and when fraud occurs. In an analytical article, Povel et al., (2007) argue that frauds most commonly occur 

during “good” business cycles, but not at the cycle’s peak. They propose that as a business cycle improves, investors require 

less monitoring activity, as most firms are reporting positive results. During the good times of an industry’s business cycle 

investors are optimistic, overlooking poorly managed companies that publicly report good results. As the business cycle 

declines, investors are more likely to demand monitoring activities to protect their potentially declining returns. This is 

especially true for companies that continue to report positive results that conflict with the rest of the market. While good 

times motivate and camouflage frauds, they are “revealed” during a business cycle bust (Povel et al., 2007). Using a 

theoretical discussion, Wang et al., (2010) report a similar scenario, correlating investor optimism (beliefs) about industry 

performance with reported frauds. They developed a sample of 110 initial public offering (IPO) frauds that occurred between 

1996 and 2007. The frauds were found in both the SEC/AAERs and Stanford Law School’s Securities Class Action 
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Clearinghouse. The authors report that fraud was more likely when investors were more optimistic about an industry. 

However, the study did not examine overall optimism within the economy (e.g., consumer confidence levels), merely 

industry specific optimism. Similar to Blanque’s (2003) suggestion of eased public regulation, Wang et al., (2010) suggest 

that lower private monitoring cost by venture capitalists contributed to the IPO fraud occurrence. Though they did not 

directly compare economic conditions to fraud occurrence, Wang et al., did suggest that fraud occurrence would increase 

as investors become more optimistic about the business conditions in an industry.  

 Twenty-five years ago, the General Accounting Office (GAO 1989) reported that economic and regulatory factors 

were primary causes of bank and savings and loans failures during the 1980s. Unlike Blanque’s (2003) historical examples, 

Green and Reinstein (2004) used a sample of publicly owned banks and savings & loan to study the effects of regulation on 

the frequency and magnitude of financial statement fraud. Examining two decades of reports issued in the SEC/AAERs 

from 1982 through 2000, they hypothesize that increased scrutiny and regulation would change how management committed 

fraud. They used pre- and post-1988 data to create subsamples based on the release date of SAS No. 53, The Auditor’s 

Responsibility to Detect and Report Errors and Irregularities (AICPA, 1988). Green and Reinstein found the dominant 

method to commit fraud changed from creating fictitious transactions in pre-1988 frauds, to withholding information after 

the release of SAS No. 53. Though fraud methods change, they found little effect on frequency and magnitudes of frauds. 

While Green and Reinstein (1997) demonstrated management changing their behavior in response to changes in regulation, 

part of their results may also be explained by changing economic conditions between the economic distress experienced 

during the 1980’s and the economic boom of the 1990’s.  

 Various studies used the economic bust in the 1980s and boom in the 1990s in creating comparative samples. For 

example, Liu and Ryan (2005) observed that bank managers delayed bad debt provisions during economic downturn of the 

1980s, smoothing income upward. Liu and Ryan (2006) hypothesize that bank managers began to overstate provisions 

during the 1990’s boom, thereby smoothing income downward. Similar to the findings of Green and Reinstein (2004), Liu 

and Ryan (2006) recognized the effect of changing bank regulation in motivating their income smoothing study.  

Lohse and Thomann (2015) hypothesized that regulation increases as the economy declines, increasing fraud 

detection. However, regulation is lessened during an economic boom, allowing an environment to commit fraud when 

resources are plentiful (availability of capital). Using a time series over a 60-year period, they report that a weak stock 

market correlates with an increase in SEC resources, while a strong market correlates with a decrease in the SEC’s budget. 

This supports the regulation cycle hypothesis consistent with Zingales (2009), where investor confidence falls in a down 

economy, spurring increased SEC regulation. This result is similar to financial institutions employing liberal lending 

requirements during good economic times, while tightening borrowing rules during economic downturns. Lohse and 

Thomann (2015), Lopes (2010), and Coenen (2009) support the argument that as the economy improves, financial 

institutions extend additional credit, increasing the availability of resources. At the same time, a counter regulation cycle 

reduces resources to regulate business, increasing the risk of fraud through pressure (increased availability of capital) and 

opportunity (less regulation).  

Research Questions 

The preceding literature review supports the thesis that management may perpetrate fraud during both good and 

bad economic times whether their companies are profitable or un-profitable. However, none of the past studies examine 

changes in the frequency and magnitude of fraud in association with movement of multiple macroeconomic measures. 

Additionally, many prior studies employ SEC/AAER data, but fail to use the date when the fraud actually began. Instead, 

they use the SEC/AAER release date, which is normally more than 4.5 years past the initiation of the fraudulent behavior 

(Karpoff, 2017), and accordingly does not result in a contemporaneous match with the economic conditions that existed 

when the fraud was initiated. Use of a time frame that is years after the initiation of the fraud may lead to misinterpretation 

of the underlying economic pressures that drove the fraud.  

Auditing standards suggest that risks increase during periods of economic decline. This is consistent with studies 

on auditor behavior that report increased audit resources during periods of economic decline. However, both the standards 

and auditor behavior research may be inconsistent with prior academic studies that report increases in income smoothing, 

earnings, and fraudulent management behavior during periods of economic growth. While some studies theorize that the 

motivation for fraud is grounded in management compensation, our literature review suggests that the desire to maintain 

the availability of credit could also be an important driver of fraudulent financial reporting. Further, economic indicators 



Journal of Forensic and Investigative Accounting 

Volume 13: Issue 1, January–June 2021 

 

46 

like consumer confidence (a lead indicator of economic activity) may offer important signals to management as they 

evaluate strategic business alternatives and tactical responses to operating results. During periods of strong consumer 

confidence, investors are optimistic, and management may be more inclined to engage in high-risk behavior that regulators 

might otherwise not overlook (Povel et al., 2007; Wang et al., 2010).  

Our study uses a sample of frauds reported in the SEC/AAERs to examine the relationship between macroeconomic 

conditions and financial statement fraud. We extend the literature by employing measures of economic conditions that 

existed at the time the fraud was initiated rather than the publication date of the SEC/AAER as used in prior studies. We 

also add the availability of finance through the credit markets as a potential driver of fraudulent behavior. Therefore, we ask 

the following research questions (RQ): 

RQ 1. Does the frequency of management fraud increase during periods of macroeconomic growth? 

RQ 2. Does the magnitude of management fraud increase during periods of macroeconomic growth? 

RQ 3. Does the frequency of management fraud increase with the increase in availability of finance in the credit 

markets? 

RQ 4. Does the magnitude of management fraud increase with the increase in availability of finance in the credit 

markets? 

Method 

 Our sample of management frauds came from the Accounting and Auditing Enforcement Releases (AAERs) 

released by the U.S. Securities and Exchange Commission (SEC). We use an AAER dataset developed by Dechow et al., 

(2011). The dataset (CFRM, 2013) includes AAERs No. 1 through 3,490, issued between May 17th, 1982 and September 

19th, 2013. In addition to limited descriptions of the fraud, AAER number, area of fraud, and time period, we added data 

including the dollar amount of the fraud and expanded descriptions. Fraud magnitudes were measured by the total dollar 

value of the aggregate fraud over the fraud’s timeframe. Fraud frequencies on an annual basis were measured in the period 

the fraud began. For example, if a fraud occurred between 1982 and 1984, the frequency was measured as one fraud that 

was initiated in 1982. We reviewed each initial AAER to assure accuracy of the database information and to obtain data on 

the magnitude of the fraud as some of that detail was missing from the database in some cases. With multiple AAERs being 

released per individual fraud (e.g., at discovery and disclosure of facts about the case, after SEC action against management, 

or after SEC action against CPAs), the database did significantly reduce the number of releases that needed to be reviewed.  

 We use multiple measures of economic activity to compare against fraud occurrences. A straightforward 

macroeconomic measure is whether the economy is in recession as determined by the National Bureau of Economic 

Research. Related to this question is the growth rate of the real gross domestic product over the past year, the level of GDP 

relative to its potential (full employment) level, and consumer sentiments. A second set of economic indicators focuses on 

financial factors affecting the corporate sector specifically. For example, corporate profitability (as measured by corporate 

profits as a fraction of GDP) has the potential to affect pressure on managers to achieve results. Similarly, the availability 

of finance in the credit markets may be relevant; managers may feel stronger pressure to make results look strong 

immediately when the financial markets are particularly selective in providing access to funds. We measure this credit 

market availability by looking at the yield spread between corporate bonds of different credit quality. Accordingly, a series 

of macroeconomic variables have been collected largely from Federal Reserve Economic Data (FRED), the dataset 

maintained by the Federal Reserve Bank of St. Louis. The macroeconomic variables are shown in Table 1, together with 

the FRED series code or the method by which the variable was constructed. [See Table 1, pg. 55] 

 We draw our sample from AAERs No. 1 through 3,490, issued between May 17th, 1982 and September 19th, 2013. 

The size of frauds in our final sample range from a low of $47,200 to a high of $11 billion, with a mean of $265 million and 

median of $18 million. The average number of AAERs released per fraud was 2.55, with a range from one AAER release 

to 48 AAER releases per fraud. We excluded 2,182 AAERs that expanded the details and SEC actions related to prior 

releases. In addition, 96 AAERs discuss findings on non-financial statement frauds, and 273 AAERs lack usable descriptive 

fraud information. The final sample for examining fraud frequencies is 939 AAERs. For the purpose of examining fraud 

magnitude, the 939 AAERS are further reduced by 608 fraud cases where the amount of the fraud was not available. This 

reduction gives a final sample of 331 AAERs for assessing fraud magnitude. [See Table 2, pg. 56] 
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To put the fraud size in context relative to the involved companies, we used FactSet to collect financial data 

(primarily net income and total assets) for each company and for each year. The data is matched to the AAER data in the 

year the fraud began so that fraud can be calculated either in dollar amounts as a fraction of net income, or as a fraction of 

the company’s total assets. When net income or net assets are negative, these ratios are not meaningful and therefore dropped 

from the sample. 

Results 

 The annual fraud data included in this analysis is shown in Table 3. Figures 1 and 2 show a graphical view of fraud, 

as reported in the AAERs, both in terms of frequency and magnitude, respectively. Note that Figure 1 includes all fraud 

cases in the data, including those where dollar amounts cannot be shown, which illustrates the overall pattern identified for 

fraud over time. [See Figures 1 and 2, pg. 53–54] [See Tables 3 and 4, pg. 57–58] 

RQ 1. Frequency of management fraud and macroeconomic growth? 

Examining aggregated annual data provides the possibility to look at patterns for either the frequency with which 

fraud is committed or the amount of the typical fraud. For the former, the straightforward FRAUDCOUNT is the number 

of frauds reported in the AAER as beginning in the given year. Table 4 shows that the number of frauds does not appear to 

be significantly linked to most of the macroeconomic variables. The one exception is a statistically significant positive 

relationship between fraud and consumer sentiment (p<.001, Table 4, Model 6). We further explore this result in Table 5 

by conducting various robustness tests to see whether the observed positive relationship remains intact when we control for 

various macroeconomic variables such as a composite leading economic indicator variable (CLI), Real GDP Growth, and a 

Recession indicator variable (See Table 1). Additionally, because the current consumer sentiment may affect business 

behavior in the subsequent year, we tested whether the lag of consumer sentiment is associated with the number of frauds, 

and again observed a statistically significant, positive relationship both with and without related control variables (see Table 

5). Accordingly, we conclude that the frequency of fraud is positively associated with consumer confidence, which is a lead 

indicator for consumer demand and for economic growth. Evidently, financial fraud is high when consumers and 

management anticipate future increases in consumer demand and economic activity. [See Table 5, pg. 59] 

Although association with GDP is not statistically significant, our observations are consistent with the theory that 

fraud is driven by “self-interest,” occurring in periods of expected economic growth (a possible desire to increase 

management compensation by reporting higher than actual profits, when investor expectation is for higher profits) rather 

than by “fear” during economic decline when there might be elevated incentives to hide lower or declining profits resulting 

from a weak economy. The number of frauds which begin each year varies considerably over time, but evidently from our 

results that there might be a propensity to commit fraud when management and consumers anticipate better economic 

conditions. Our findings support RQ 2, but mainly in the context of consumer sentiment, which is a proxy for aggregated 

consumer spending and broad economic activity.  

RQ 2. Magnitude of management fraud and macroeconomic growth 

When we consider the magnitude (dollar amounts) of frauds, our results show a cluster of large frauds centered 

around 2000. We further draw specific company information from FactSet to measure relative firm size. Fraud amounts in 

our data are not uniformly distributed and appear to be proportional to company size. To alleviate the skewness of the data, 

we used natural logarithms of the fraud amounts in our regression. In our analysis, we use the median fraud (log) in each 

year. Similar results, though not reported here, were found when we used the mean fraud (log) as the dependent variable. 

To account for the possibility of a time trend in the data, the year is also included in some specifications.  

The variable PROFGDP, measuring corporate profitability, is a statistically significant variable (p=0.05) in our 

model (Model 3, Table 6). Fraud amounts as reported in the AAERs are higher when overall corporate profits are higher. 

This variable also supports the response to RQ2 (Does the magnitude of management fraud increase during periods of 

macroeconomic growth?). Furthermore, the results are consistent with the view that self-interest may be a motivating factor 

in financial statement fraud. Self-interest may be defined as overstating company profits to increase management 

compensation (Beasley et al., 2010). Self-interest may also mean using fraud to enhance access to the financial markets and 

thereby fund legitimately profitable projects. In this sense, fraudulently obtained finance is used to “earn” even higher profits 

in a healthy economy. This reason is in contrast to the thesis that fraudulently reported higher profits during a weak economy 

are used to attract finance to protect companies from solvency problems. [See Table 6, pg. 60] 
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RQ 3. Frequency of management fraud and availability credit? 

Except for consumer sentiment, which is a lead indicator for macroeconomic activity, we find no statistically 

significant relationships between the macroeconomic variables listed in Table 1 and fraud frequency (See Table 4 for a 

subset of the results). None of our proxies for credit availability is statistically significant. This finding about the prevalence 

of fraud during periods of high credit availability conflicts with prior theoretical studies such as Blanque (2003) and Povel 

et al., (2007) as well as prior empirical studies such as Liu and Ryan (2005 and 2006).  

RQ 4. Magnitude of management fraud and availability credit? 

Several patterns emerge when examining fraud amounts using aggregate annual data related to credit availability. 

(See Table 6). First, fraud amounts are higher when interest rates on long-term, investment grade corporate bonds are lower 

(Table 6, Models 1 and 2). The coefficient on the interest rate variable is negative and statistically significant (𝑝 ≤ .05) for 

both Aaa and Baa bonds. Because interest rates are generally declining over our sample period, a control for a time trend is 

included in both Models 1 and 2, but neither is statistically significant.  

Higher amounts of financial statement fraud during declining interest rates supports the response to RQ4 (Does the 

availability of finance in the credit markets affect the magnitude of management fraud?). This result is consistent with the 

theoretical discussion presented by Blanque (2003) that declining interest rates, which create excess liquidity in the credit 

markets during prosperous times, motivate frauds. Nonetheless, our results support this conclusion for the size of the fraud 

but not the frequency of fraud. Accordingly, our results suggest that increased credit availability may be associated with 

larger frauds but not necessarily greater frequency of fraud.  

Robustness Tests 

To distinguish between factors motivating fraud, two robustness tests were added (See Table 6, Models 4 and 5). 

First, YIELDSPREAD represents stress in the credit market by the spread between the yields on Baa and Aaa bonds. A high 

value of YIELDSPREAD suggests that firms with lower ratings are having difficulty accessing funds compared with the 

top-rated firms. Specification 4 (Table 6) shows that YIELDSPREAD is not a statistically significant driver of the magnitude 

of fraud. However, corporate profitability (PROFGDP) continues to remain statistically significant in the model. GDP 

growth is added in Model 5 (Table 6) as a second robustness test. In Model 5, GDP growth shows that the level of profits 

remains important when controlling for economic growth. From these results, one may infer that self-interest and 

opportunity as motivators for overall frauds may be related to the managerial need to “keep up” with higher reported profits 

by other managers rather than simply a booming financial market prepared to look the other way with regards to credit risk 

and perhaps fraudulent financial statements. In other words, frauds may increase in the economy during times when 

managers feel a need to report high profits, but the underlying GDP growth is insufficient to allow these profits to be earned 

legitimately.  

Disaggregated Data 

 We perform further analysis on the data by examining individual AAER fraud reports and their relationship to the 

macroeconomic data for that year. The additional analysis using disaggregated data focuses on the magnitude of the fraud, 

since a frequency analysis would only be applicable to aggregate data. Therefore, we use disaggregate data to further tests 

RQ2 (Does the magnitude of management fraud increase during periods of macroeconomic growth?) and RQ4 (Does the 

magnitude of management fraud increase with the increase in availability of finance in the credit markets?). Two measures 

for the amount of the fraud are included. The first magnitude measure is the log of the amount of the fraud (in millions), 

denoted LOGFRAUD. However, since the data set spans a substantial amount of time, it also may be appropriate to scale 

the fraud amounts for growth both in price level and in the aggregate amount of economic activity. Therefore, we also report 

results using the fraud amounts deflated by changes in nominal GDP. Specifically, RELFRAUD, the fraud amount relative 

to overall economic levels, is the log of the fraud amount divided by nominal GDP. [See Table 7, pg. 61] 

As illustrated in Table 7, the regressions using the fraud amounts on the disaggregated data does not generate 

significant results, with the exception of YIELDSPREAD in specification 4. YIELDSPREAD is significantly (𝑝 ≤ .05) and 

negatively associated with the disaggregated fraud amounts. As YIELDSPREAD declines, which is an indicator of higher 

levels of available credit in capital markets, disaggregated fraud amounts increase. [See Table 8, pg. 62] 
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 Of course, dollar amounts (including dollar amounts of fraud) can also be adjusted for their meaning relative to an 

economy where output and prices are growing over time. Table 8 shows the same regressions using RELFRAUD (measured 

as the fraud amount relative to overall economic levels) as the dependent variable. Given that the dependent variable is 

similar to the variable in the disaggregated data from Table 7, surprising the results are similar. Each of these produces 

results with some contrast to the initial analysis using aggregated fraud amounts in Table 6. With the disaggregated data in 

Table 8, the level of interest rates no longer affects the fraud amount, but the level of profits as a proportion of GDP has a 

significant (𝑝 ≤ .05) and negative effect on the size of the fraud. Therefore, RELFRAUD amounts decrease as profits 

increase. These result conflict with prior theoretical research such as Blanque (2003) and Povel et al., (2007) and with such 

empirical studies as Liu and Ryan (2005) and Liu and Ryan (2006), which suggest higher amounts of frauds during periods 

of rising profit expectations. However, the negative and significant direction of the price adjusted, disaggregate results also 

supports fraud risks described in professional audit standards. The audit standards infer that the risk of fraud declines during 

periods of profitability, and conversely increase with the pressure of declining profits, or a loss. 

Conclusions and Limitations 

The purpose of this study was to examine the effects of changing macroeconomic conditions on the frequency and 

magnitude of management fraud. We further extended prior studies by also examining the availability of credit and 

consumer sentiment. 

Sample and Data Limitations 

 Similar to our study, prior research has used AAER releases as surrogates for the existence of management fraud 

(e.g., Bonner et al., 1998; Green and Choi, 1997; Beasley, 2000; Nieschwietz et al., 2000; Calderon and Green, 1994). The 

use of AAERs to develop a fraud sample does create a source of selection bias as it includes only frauds detected in public 

companies by the SEC or cases of fraud allegations where a defendant settles with the SEC without admitting or denying 

guilt. By nature, AAER samples do not include undetected public frauds or management frauds in non-public companies 

(Pourciau, 1993). AAERs may not necessarily report the full time period affected by the fraud and there be a tendency to 

take enforcement action in the context of larger frauds or industries under public scrutiny. The effects on our findings of 

such potential selection bias issues are unknown. Nonetheless, this factor is an inherent limitation of all studies like ours 

that use AAER data. Such issues call for further research that use alternative databases and a focus on different types of 

companies in examining factors that drive management fraud. 

In addition to sample limitations, there are also data limitations including incomplete or inconsistent information. 

Many AAERs do not follow a consistent level of detail, nor do they follow a consistent pattern of the types of information 

disclosed. While we read multiple AAERs to increase the level of accuracy and completeness of our database, the final 

database for this study was limited to available public information. These data validation checks reduced our fraud frequency 

sample to 939 cases and our magnitude sample to 331 cases. As with all studies using reported frauds, the frequency and 

magnitude of undiscovered frauds cannot be included. This fact suggests an opportunity for further research to examine the 

extent of data inconsistencies in AAERs and the potential impact on fraud research studies that use AARE data. 

A major limitation of prior research that use AAERs is that they tended to use the issue date as a proxy for the fraud 

date. Our research emphasizes that the use of the AAER issue date is an incorrect proxy for the fraud date as an AAER may 

be issued by as much as a full economic cycle later than the date when the fraud was perpetrated. Our study corrects this 

issue and uses the actual fraud date, but it suggests that the database error that exists in many studies may not adversely 

affect results when studying the association between macroeconomic activity and fraud risk at an aggregate level. However, 

further research is needed to examine whether the use of an incorrect proxy for the fraud date might have an adverse effect 

on research results when fraud risk is examined at a more micro level. 

Summary and Conclusion 

While we examined such traditional macroeconomic variables as bond yields, yield spreads, profit growth and real 

GDP growth, only consumer confidence is significantly associated with the frequency of frauds. This result suggest that 

there may not be support for an association between fraud frequency and more traditional indicators of macroeconomic 

activity. However, the frequency of fraud is clearly associated with consumer sentiment, which is an indicator of future 

consumer demand and upward economic activity. Interestingly, both contemporaneous consumer confidence and the lag of 
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consumer confidence are positively and significantly associated with the number of management frauds investigated by the 

SEC. This result supports the thesis that management fraud follows periods of anticipated future growth.  

Our results also show that the magnitude of fraud increases during periods of high economic activity, which is 

consistent with both the prior theoretical and empirical research, which report that fraud increases in good economic times. 

We further find that the increase in fraud amounts appears related to periods of decreasing bond yields and increased 

availability of finance in the credit markets. Additional analysis shows that the magnitude of management frauds increases 

as yield spreads decrease, further indicating that higher credit availability may be a driver of the magnitude of management 

fraud. That is, easy credit implies that management who have the opportunity will perpetrate bigger frauds.  

We deflated fraud amounts based on price/income levels. Contrary to the initial analysis, price adjusted fraud 

amounts decrease as profits increase. These results conflict with prior theoretical and empirical studies that reported 

increases in fraud amounts during periods of higher expected profits. However, the negative and significant direction of the 

price adjusted, disaggregate results supports professional audit standards that presume the risk of fraud declines during 

periods of high corporate profitability, and conversely increase with the pressure of declining profits, or increased loss. 

While most prior studies conflict with fraud risk indicators used in audit practice, the current study’s price adjusted results 

support the current audit standards in the context of the amount of fraud. However, our results also indicate that the 

frequency of fraud will likely increase when management expects more robust economic activity. In essence, auditors need 

to be vigilant in their fraud risk assessments during both periods of decline and periods of more dynamic macroeconomic 

activity.  

While Blanque (2003) identifies excessive liquidity as a possible driver of management fraud, and Wang et al., 

(2010) suggest investor optimism about industry performance as a motivator of fraudulent behavior, we show that expected 

increases in consumer demand may stimulate managers to perpetrate financial statement fraud. Our finding about consumer 

sentiment, a lead indicator for economic growth, aligns with the observation that regulation is lessened during an economic 

boom (Zingales, 2009), thereby facilitating an environment to commit fraud when capital is available, and resources are 

plentiful. Though auditing standards suggest that risks increase during periods of economic decline, our study shows that 

auditors should be just as vigilant about fraud risk assessment during expected growth periods as they are during periods of 

decline. Additionally, our results suggest that auditors should consider such exogenous indicators as consumer confidence 

in their assessment of the likelihood of fraud in the financial statements. During periods of high consumer confidence, 

investors are optimistic, credit is often readily available, and management may be more inclined to engage in high-risk 

behaviors that auditors and regulators might overlook because the outcomes of such behaviors may seem rational.  
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Figure 1: Frequencies of Fraud Reported in SEC/AAERs 

May 1982 through September 2013 
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Figure 2: Magnitude of Fraud Reported in SEC/AAERs 

May 1982 through September 2013 

 

Panel A: Fraud amounts in millions over time 

 

 
 

Panel B: Natural log of fraud amounts over time 
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Table 1: Economic Measures 

 

VARIABLE VARIABLE DESCRIPTION HOW USED 

PROXIES FOR AVAILABILITY OF CREDIT 

AAA Moody’s Seasoned Aaa Corporate Bond Yield (FRED series AAA) IV* 

BAA Moody’s Seasoned Baa Corporate Bond Yield (FRED series BAA) IV* 

YIELDSPREAD Difference between BAA and AAA IV* 

PROXIES FOR EXPECTED MACRO ECONOMIC ACTIVITY 

SENTIMENT University of Michigan Consumer Sentiment Index. A leading 

indicator of future macroeconomic activity 

IV* 

RECESSION Recession as defined by the NBER (FRED series USREC) IV* 

RGDPGRO Growth rate of real GDP IV* 

REALGDP Real GDP, Seasonally Adjusted Annual Rate, Billions of  2009 dollars   

(FRED series GDPC1) 

IV# 

POTGDP Potential real GDP, Billions of  2009 dollars (FRED series GDPPOT) IV# 

RECGAP GDP as a fraction of its potential (REALGDP / POTGDP) IV# 

NOMGDP Nominal GDP, Seasonally Adjusted Annual Rate, Billions of dollars 

(FRED series GDP) 

Part of a DV* 

NGDPGRO Growth rate of nominal GDP IV# 

CLI OECD’s composite leading indicators (CLIs) for the U.S., which are 

designed to anticipate turning points in economic activity relative to 

trend six to nine months ahead. https://www.oecd.org/sdd/leading-

indicators/ 

IV* 

CORPORATE PROFITABILITY 

PROFITS After tax corporate profits (adjusted), Seasonally Adjusted Annual 

Rate, Billions of dollars (FRED series CPATAX) 

IV# 

PROFGDP Profits as a fraction of GDP (calculated as PROFITS / NOMGDP) IV* 

 

Notes 

IV = Independent variable 

* Regression output included in tables.  

# Results not statistically significant and not reported in tables. 
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Table 2: Description of Research Sample 

 

 

Description 

Fraud  

Size 

Fraud 

Frequency 

Total Number of AAERs Issued from 1982 

to 20131  

3,490 3,490 

 

Less:  

Frauds Described in Prior AAERs  

 

Non-Financial Statement Frauds2 

 

Other Incomplete Data Issues 

AAERs Lacking Adequate Data for Fraud 

Amounts 

 

 

2,182 

 

     96 

 

   273    

 

   608 

 

 

2,182 

 

     96 

 

   273 

Study’s Final Sample Size    331    939 

 

Notes 
1 AAER No.1 was released on April 15, 1982, and AAER No. 3,490 was released on September 19th, 2013. A multiple year 

lag usually exists between the date the fraud occurred and when the SEC issued an enforcement release. The frauds were 

classified based on the actual dates when the frauds occurred, and not the SEC/AAER issue date. 
2 Several AAERs described additional actions or developments for a single fraud case. For example, a single fraud case may 

have additional SEC actions as new evidence emerges. In addition, certain AAERs described non-financial statement fraud 

activities such as embezzlements. 
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Table 3: Fraud Activity by Year 

 

Year 

Number of 

Frauds 

Total Fraud 

($M) 

Mean Fraud 

($M) 

Median Fraud 

($M) 

1971 1 528.00 528.00 528.00 

1978 3 3.02 1.01 0.18 

1979 3 61.97 20.66 18.41 

1980 2 1.13 0.56 0.56 

1981 4 31.76 7.94 2.69 

1982 11 696.74 63.34 8.10 

1983 7 19.71 2.82 1.20 

1984 6 99.86 16.64 6.85 

1985 6 17.11 2.85 1.30 

1986 3 111.10 37.03 1.75 

1987 3 10.83 3.61 0.49 

1988 2 26.60 13.30 13.30 

1989 0 0.00   
1990 0 0.00   
1991 2 356.00 178.00 178.00 

1992 2 1700.05 850.02 850.02 

1993 1 37.00 37.00 37.00 

1994 2 1596.90 798.45 798.45 

1995 3 77.00 25.67 18.00 

1996 3 208.60 69.53 24.40 

1997 17 1880.20 110.60 26.60 

1998 19 20396.98 1073.53 115.00 

1999 34 17111.07 503.27 20.60 

2000 44 21312.12 484.37 34.60 

2001 30 8703.04 290.10 30.00 

2002 29 3199.91 110.34 10.94 

2003 16 160.16 10.01 4.80 

2004 14 482.51 34.46 24.95 

2005 12 1086.71 90.56 6.90 

2006 9 536.76 59.64 23.40 

2007 12 709.42 59.12 13.68 

2008 8 750.02 93.75 36.75 

2009 6 1405.00 234.17 169.50 

2010 2 217.00 108.50 108.50 

2011 1 40.00 40.00 40.00 

2012 1 660.00 660.00 660.00 

 

Notes 

Figure 1 includes all fraud reported in AAER; this table shows only those in our data set and therefore is restricted to events 

where the amount can be determined. Amounts are in millions of dollars. 
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Table 4: Regression Results 

Annual Fraud Data: Number of Frauds and Economic Activity 

Dependent Variable: Number of Frauds 

 

  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

AAA 0.795           

  (1.161)           

BAA   0.42         

    (0.998)         

YIELDSPREAD       -4.699     

        (4.342)     

PROFGDP     -16.992 -37.019 -24.050   

      (127.038) (128.064) (130.492)   

RGDPGRO         41.745   

          (94.501)   

SENTIMENT           0.436** 

            (0.120) 

YEAR 0.465 0.394       0.287* 

  (0.281) (0.262)       (0.136) 

Constant -924.216 -780.459 9.899 16.398 9.438 -599.769* 

  (567.115) (529.167) (8.164) (10.118) (8.953) (271.944) 

Adj. R2 0.058 0.049 0.001 0.001 0.001 0.317 

 

Notes 

Results from OLS regressions with Number of Frauds in a year as the dependent variable in each case. Standard errors in 

parentheses. Statistical significance is denoted by a single asterisk (𝑝 ≤ .05) or a double asterisk 𝑝 ≤ .01). 

 

AAA Moody’s Seasoned Aaa Corporate Bond Yield (FRED series AAA) 

 

BAA Moody’s Seasoned Baa Corporate Bond Yield (FRED series BAA) 

 

YIELDSPREAD Difference between BAA and AAA 

 

RGDPGRO Growth rate of real GDP 

 

PROFGDP Profits as a fraction of GDP (calculated as PROFITS / NOMGDP) 

SENTIMENT University of Michigan Consumer Sentiment Index. This is a leading indicator of 

future macroeconomic activity. 
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Table 5: Annual Fraud Data: Frequency of Fraud and Consumer Confidence 

Dependent Variable: Number of Frauds 

 

  

Sentiment 

Model 

Lag 

Sentiment 

Model 

Sentiment 

with Control 

Variables 

Lag 

Sentiment 

with Control 

Variables 

CLI     0.251 -0.859 

      (2.162) (2.273) 

REAL GDP GROWTH     -74.428 79.081 

      (184.885) (183.524) 

RECESSION     15.32 7.829 

      (8.232) (9.061) 

SENTIMENT 0.436**   0.693**   

  (0.12)   (0.166)   

LAG SENTIMENT   0.476**   0.485** 

    (0.119)   (0.142) 

YEAR 0.287* 0.26 0.269 0.302 

  (0.136) (0.144) (0.166) (0.177) 

Constant -599.769* -549.492 -611.227 -552.797 

  (271.944) (287.196) (340.758) (368.558) 

Adj. R2 0.317 0.351 0.404 0.318 

 

Notes 

Results from OLS regressions with Number of Frauds in a year as the dependent variable in each case. Standard errors in 

parentheses. Statistical significance is denoted by a single asterisk (𝑝 ≤ .05) or a double asterisk 𝑝 ≤ .01). 

 

CLI OECD’s composite leading indicators (CLIs) for the U.S., which are 

designed to anticipate turning points in economic activity relative to trend six 

to nine months ahead. https://www.oecd.org/sdd/leading-indicators/ 

REAL GDP GROWTH Growth rate of real GDP 

RECESSION Recession as defined by the NBER (FRED series USREC) 

SENTIMENT University of Michigan Consumer Sentiment Index. This is a leading 

indicator of future macroeconomic activity 

LAG SENTIMENT Lag of consumer SENTIMENT 
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Table 6: Annual Fraud Data: Fraud Size to Economic Variables 

Dependent Variable: Median Log Fraud 

 

 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

AAA -0.4104*      

 (0.1892)      

BAA  -0.3271*     

  (0.1634)     

YIELDSPREAD    -0.6710   

    (0.7569)   

PROFGDP   51.6703* 48.0913* 56.1683*  

   (22.7347) (23.1658) (21.0175)  

RGDPGRO     -21.5995  

     (14.6618)  

SENTIMENT      -0.022 

      (0.020) 

YEAR -0.0002 0.0133    -0.060** 

 (0.0457) (0.0429)    (0.23) 

Constant 20.2117 -7.0881 13.2564** 14.2383** 13.4313** 122.030** 

 (92.3339) (86.7465) (1.4814) (1.8538) (1.4568) (52.501) 

Adj. R2 0.2703 0.2558 0.1121 0.1061 0.1975 0.137 

 

Notes 

Results from OLS regressions with MEDFRAUD (the median log fraud) as the dependent variable in each case. Standard 

errors in parentheses. Statistical significance is denoted by a single asterisk (𝑝 ≤ .05) or a double asterisk 𝑝 ≤ .01). 

 

AAA Moody’s Seasoned Aaa Corporate Bond Yield (FRED series AAA) 

 

BAA Moody’s Seasoned Baa Corporate Bond Yield (FRED series BAA) 

 

YIELDSPREAD Difference between BAA and AAA 

 

RGDPGRO Growth rate of real GDP 

 

PROFGDP Profits as a fraction of GDP (calculated as PROFITS / NOMGDP) 
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Table 7: Disaggregate Fraud Data: Fraud Size to Economic Variables 

OLS Regressions with the Median Log Fraud 

 

 Model 1 Model 2 Model 3 Model 4 Model 5 

AAA -0.0137     

 (0.1336)     

BAA  -0.0825    

  (0.1063)    

YIELDSPREAD    -1.1131**  

    (0.3164)  

PROFGDP   -5.1955 -9.3478 -5.2334 

   (11.8016) (11.6547) (11.8201) 

RGDPGRO     -1.7546 

     (6.9597) 

YEAR 0.0651 0.0461    

 (0.0377) (0.0333)    

Constant -113.1024 -74.6583 17.1267 18.5288** 17.1799** 

 (76.1710) (67.3854) (0.7470) (0.8352) (0.7774) 

Adj. R2 0.0449 0.0466 -0.0025 0.0323 -0.0055 

 

Notes 

Results from OLS regressions with LOGFRAUD as the dependent variable in each case. Standard errors in parentheses. 

Statistical significance is denoted by a single asterisk (𝑝 ≤ .05) or a double asterisk 𝑝 ≤ .01). 

 

AAA Moody’s Seasoned Aaa Corporate Bond Yield (FRED series AAA) 

 

BAA Moody’s Seasoned Baa Corporate Bond Yield (FRED series BAA) 

 

YIELDSPREAD Difference between BAA and AAA 

 

RGDPGRO Growth rate of real GDP 

 

PROFGDP Profits as a fraction of GDP (calculated as PROFITS / NOMGDP) 
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Table 8: Price Adjusted Disaggregate Fraud Data  

Fraud Size to Economic Variables 

OLS Regressions with RELFRAUD  

 

 Model 1 Model 2 Model 3 Model 4 Model 5 

AAA -0.0259     

 (0.1335)     

BAA  -0.0833    

  (0.1062)    

YIELDSPREAD    -0.7211*  

    (0.3093)  

PROFGDP   -24.5311* -27.2211* -24.5200* 

   (11.4146) (11.3939) (11.4335) 

RGDPGRO     0.5104 

     (6.7321) 

YEAR 0.0040 -0.0121    

 (0.0376) (0.0333)    

Constant -13.8876 18.7280 -4.5869** -3.6785** -4.6024** 

 (76.0968) (67.3213) (0.7225) (0.8165) (0.7519) 

Adj. R2 -0.0050 -0.0031 0.0113 0.0250 0.0082 

 

Notes 

Results from OLS regressions with RELFRAUD as the dependent variable in each case. Standard errors in parentheses. 

Statistical significance is denoted by a single asterisk (𝑝 ≤ .05) or a double asterisk 𝑝 ≤ .01). 

 


