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Dechow, Ge, Larson and Sloan (2011; Predicting material accounting misstatements. Contemporary 

Accounting Research 28(1), 17-82) examine over 2,000 instances of financial statement misstatements 

investigated by the SEC and develop several models for predicting the probability that a firm has 

misstated its financial statements. The majority of these misstatements are likely fraudulent; thus, the 

models might be useful in detecting FFR. The model described below is Model 1, which requires only 

financial statement variables. (The other models utilize, in addition to financial statement variables, 

nonfinancial and market-based variables.) 

 

The model is as follows: 

logit = –7.893 + 0.790*RSST_accr + 2.518*deltaAR + 1.191*deltaINV + 1.979*%SFT + 

 0.171*deltaCashSales – 0.932*deltaROA + 1.029*Issue, 

where 

 

RSST_accr = [(TotalAssetst –  Cash&equivalentst – Investments&Advances_Othert + InvestmentsatEquityt  

– TotalLiabilitiest – PreferredStockt) – (TotalAssetst-1 –  Cash&equivalentst-1 – 

Investments&Advances_Othert-1 + InvestmentsatEquityt-1  – TotalLiabilitiest-1 – PreferredStockt-1)] / 

[.5(TotalAssetst-1 + TotalAssetst)]; 

 

deltaAR = (ARt – ARt-1) / .5(TotalAssetst-1 + TotalAssetst); 

 

deltaINV = (Inventoryt – Inventoryt-1) / .5(TotalAssetst-1 + TotalAssetst); 

 

%SFT = (TotalAssetst – netPP&Et – Cash&equivalentst) / TotalAssetst; 

 

deltaCashSales = {[Salest –  (ARt – ARt-1)] / [Salest-1 –  (ARt-1 – ARt-2)]} – 1; 

 

deltaROA = [NetIncomet / .5(TotalAssetst-1 + TotalAssetst)] – [NetIncomet-1 / .5(TotalAssetst-2 + 

TotalAssetst-1)]; and 

 

Issue = 1 if the company issued long-term debt or common stock in year t; 0 otherwise. 



 

RSST_accr is defined as the change in working capital accruals plus the change in non-current operating 

assets plus the change in long-term operating liabilities, or equivalently, the change in net operating 

assets, scaled by average total assets. This is an accrual-quality variable similar in spirit to discretionary 

accruals from the modified Jones model, but it does not require regression to calculate. (If you are 

interested in exploring this variable, refer to Richardson, Sloan, Soliman & Tuna, 2005, Accrual reliability, 

earnings persistence, and stock prices. Journal of Accounting and Economics 39, 437-85.) 

 

Based on our discussions of revenue fraud, we might expect that the coefficient on deltaCashSales 

should be negative. That is, because fraudulent sales are often not collectible, a decrease in cash 

collected from sales would seem to be an indicator of FFR. Here is what the authors say about this issue 

(p. 43): “Contrary to our expectations, cash sales significantly increase (rather than decline) during 

misstatement years. A reading of the AAERs helps to explain why. We find that many firms engage in 

transactions-based earnings management. That is, they front-load their sales and engage in unusual 

transactions at the end of the quarter (e.g., Coca Cola, Sunbeam, Computer Associates). Cash sales can 

increase with this type of misstatement, providing an explanation for the finding.” 

 

The most important variables (most important in the sense that they have the strongest association with 

fraudulent reporting) are %SFT, Issue, and deltaAR. Considering the Issue variable, 93.2% of FFR firms in 

the authors’ sample issued debt or common stock in the year of the fraud; 82.5% of all firms issued 

securities. This leads to a weakness with this (and similar) model: if a firm has not issued securities, the 

model will give a low probability that the firm is a fraudulent reporter. 

  

To interpret the model’s output, calculate the probability that the company is fraudulently reporting 

(Prob(FFR)) and the F-Score, as follows:  

Prob(FFR) = elogit / (1 + elogit) 

F-score = Prob(FFR) / .0037. 

For example, Enron has a logit value from the model of -4.575. The probability that Enron is fraudulently 

reporting is  

e-4.575 / (1 + e-4.575) = .0102 

and Enron’s F-score is 

.0102/.0037 = 2.76. 



The “.0037” in the denominator is the unconditional probability that a company is a fraudulent reporter 

(based on the authors’ data); thus, an F-score of 2.76 indicates that a company is 276% more likely to be 

a fraudulent reporter than a randomly selected company.  The average F-score is .728. 

 

The authors’ Figure 3 shows how the F-score behaves over time for FFR firms:  

 

 
 

The authors’ Figures 2A and 2B (next page) can be used to assess the strength of the model. Figure 2A is 

the cumulative distribution of F-scores for FFR firms and can be used to estimate hit rates. (The vertical 

dashed lines are at F-scores = 1, 1.85 and 2.45.) For example, considering F-score = 2.45, 18.8% of the 

FFR firms have F-scores >= 2.45 and 81.2% have F-scores less than 2.45. So using a cut-off F-score of 2.45 

provides a hit rate of .188. Figure 2B relates to non-FFR firms. Considering F-score = 2.45, 5% of the 

nonFFR firms have an F-score >= 2.45; thus the false positive rate is .05. Taken together, the LR for an F-

score cutoff of 2.45 is .188 / .05 = 3.76. The authors call this “high” risk. Similarly, an F-score cutoff of 

1.85 provides an LR of .318/.10 = 3.18; the authors deem this “substantial” risk. A cutoff of 1, called 

“above normal” risk, yields an LR of .686/.363 = 1.89.  



 

 


