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Per Churyk et al. (2009) and others, the incidence of fraud has increased over the years as 

have the consequences of fraudulent activity. Catastrophic damages keep climbing with no end 

in sight. In July of 2010 alone the SEC charged or settled five enforcement cases involving well-

known companies including KBR, Goldman Sachs, Dell, General Electric, and Citigroup 

(Verschoor 2010). Moreover, fines and settlements continue to increase along with tougher laws 

and more aggressive enforcement. One instance involved sanctions to a small group of 

companies of $1.28 billion dollars (Verschoor 2010). Fines and settlements often top $100 

million when they were only a few million dollars a few years ago (Schoen 2006). Clearly, there 

is a great need for more accurate prediction of fraudulent activity, and a need for those 

predictions to be timely enough to substantially mitigate the resulting financial fallout. 

Consistent with a growing emphasis on risk management, many different constituencies are 

interested in timely fraud prediction/detection. 

This study is motivated to build and validate a prediction model that is increasingly more 

accurate, more useable by a variety of interested parties, and able to be applied earlier than 

traditional financial, quantitative fraud prediction models. The literature on fraud and deception 

detection suggests a number of factors that are related to fraudulent activity. These factors 
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include both qualitative and financially oriented quantitative items. For example, traditional 

financially oriented fraud risk factors have included sales growth and leverage (Beneish 1997) 

and return on assets (Summers and Sweeney 1998). This study bases model building on 

qualitative factors, but those that are specific to narrative disclosures, and, specific to this study, 

those found in the Management Discussion and Analysis (MDA) section of the annual report. 

We chose to focus our study on qualitative narrative factors since they can be used with 

potentially any form of asynchronous communication. This approach provides great flexibility of 

choice regarding when deception detection mechanisms are available to the user, making the 

proposition of earlier fraud detection more likely than with financially oriented (traditional) 

factors. Potentially, intent to deceive can be determined in some cases allowing for a much 

timelier and useful risk management strategy. Following Churyk et al. (2009), we based our 

model building efforts on narrative disclosures that were evidenced as significant differentiators 

between fraud/non-fraud firms in that study. In addition, we used a cross-validation procedure 

and a new sample to validate a robust prediction model. 

Churyk et al. (2009) identified ten narrative variables that were significantly different 

between fraud and non-fraud companies. We applied backward stepwise regression to these 

variables to create the model which results in the use of four of the ten factors from our prior 

study that provided the strongest collective, overall prediction of deception. We then applied a 

cross-validation procedure using discriminant analysis and tested again using a hold-out sample 

to validate our model and approach. Overall, using logistic regression and a cross-validation 

procedure, our model accurately classifies firms with and without fraud 64.8 percent of the time. 

Using a holdout sample our model accurately classifies firms with and without fraud 55.9 

percent of the time. 
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Our research contributes to the literature on fraud detection by (1) confirming the 

existence of significant narrative disclosures in a publically available source that has been shown 

to be reliably related to the detection of fraud; (2) creating an early fraud prediction model that 

can be used by various parties at the time of their choosing (and sooner than conventional audit 

procedures) to achieve a broader set of efficacious results; and (3) providing a model that 

provides greater accuracy of fraud prediction/detection than conventional financially quantitative 

models currently in use. 

The rest of the article is organized as follows. The next section provides a brief review of 

the literature, theoretical support, and development of our hypothesis. Section 3 presents our 

research method, procedure, and analysis. Section 4 presents our results, and the paper ends with 

section 5 presenting a brief discussion and conclusions. 

 

Literature Review and Hypothesis Development 

The AICPA, COSO, and others have provided advice outlining deterrents to fraud. These 

include standards and special reports issued to aid auditors on methods to provide an 

understanding of the forces that are antecedents of fraud and techniques available for fraud 

detection. Among these is an understanding of what environmental conditions contribute to 

fraud. The popular fraud triangle (AICPA 2002; Cressey 1953) suggests that incentives, 

opportunity, and rationalization are conducive to fraud by providing incentives to commit fraud 

and encouraging an attitude for its justification. In such an environment, auditors are expected to 

consider extending their audit procedures given a heightened presence of these important risk 

factors (AICPA 2002). Unfortunately, given the clear presence of auditor vulnerability to 

decision biases, auditor independence and judgment is often inadequate as a method of fraud 
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detection. Automated methods of fraud detection have been used to mitigate judgmental biases, 

but these have been predominantly applied to quantitative, financial testing. Although this is a 

step forward by letting the data speak rather than relying solely on intuition, audit efforts are 

usually untimely from the view of preventing fraud. According to the most recent documentation 

of the Association of Certified Fraud Examiners’ Report to the Nation on Occupational Fraud 

and Abuse (ACFE 2008, 16-17), ―…frauds are generally ongoing crimes that can last for months 

or even years before they are detected.‖ The ACFE found in their 2008 study that in 925 of the 

959 cases where the data were available, the median length of time a fraud scheme went 

undetected was 24 months. That is, if we wait until the fraud is confirmed by disastrous financial 

results, the damage is already done. Moreover, if fraud is discovered, auditors may be held liable 

and are often relegated to share in the responsibility for the financial fallout (Bonner et al. 1998). 

Of course, the consequences of fraud do not end with the detection and immediate 

financial consequences. Public announcement of fraud causes markets to respond negatively as 

well (Palmrose et al. 2004). In this sense, the damages are merely compounded. Thus, to prevent 

the domino-effect of disaster, there is a great motivation to detect fraud much sooner than 

waiting until the results of fraud become evident. The increasing degree of negative financial 

effects due to fraud also personifies the motivation of this study to pursue models that detect 

fraud earlier. 

In addition to providing aid to auditors, early detection allows investors and other 

constituents—both endogenous and exogenous to an organization—to participate in fraud 

detection and deterrence. Perhaps the most important role of Sarbanes-Oxley legislation in 

deterring fraud was to elevate the responsibility of management for their attestations made in 

business reporting. Accordingly, organizations have stepped up their risk management and 
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assessment efforts within the organization by internal auditors and others to prevent fraudulent 

activity whenever possible. Our hope is that significant fraud reduction can be accomplished via 

effective education, a diligent audit presence, and early detection mechanisms. 

An approach that has shown a great deal of promise as an early deception detection tool 

has been the examination of narrative disclosures using content analysis. Stemler (2001, 1) 

defined content analysis as a ―…systematic, replicable technique for compressing many words of 

text into fewer content categories based on explicit rules of coding.‖ Ingram and Frazier (1983) 

describes content analysis as an appropriate methodology for evaluating the content of narrative 

data. Although used for different purposes, the use of content analysis has been a popular 

approach to deciphering the quality and meaning of financial statement disclosures, E-mail, stock 

analyst reports, bankruptcy disclosures, good news versus bad news, and deception among others 

(e.g., see Previts et al. 1994; Rogers and Grant 1997; Breton and Taffler 2001). Ingram and 

Frazier (1983) suggests the system can best be understood within a specific research context 

(e.g., for detecting deceit or assessing risk). The research context used in our study is fraud 

detection focusing on indicators of deceit in narrative disclosures. Specific cues within a research 

context as applied to a narrative are typically used in analysis. For example, Bowman (1984, 61) 

analyzed corporate strategy and attitude toward risk ―…by measuring 1) the use of the word 

―new‖ in the president’s letter, 2) litigation, 3) percentage of research and development, and 4) 

long-term debt divided by equity.‖ 

Analyzing narrative disclosures (i.e., asynchronous communication) stands in contrast to 

richer, synchronous forms of communication (e.g., phone or face-to-face). This distinction is an 

important issue in deception detection since deceivers are likely to take different approaches to 

the two forms of communication. Asynchronous communication allows the receiver to respond 
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to the sender at a future time of their choosing. This approach allows the respondent time for 

forethought, time to plan a response, and carefully edit their content. Accordingly, the deceivers 

have an incentive to use more words to carefully craft their story with obfuscation. In contrast, 

synchronous communication requires an immediate response (i.e., on the spot) which suggests 

the use of less words to avoid accidental incrimination. Directional expectations for variables are 

therefore often dependent on the type of communication (Zhou et al. 2004a, 2004b, 2004c). 

Our research context replicates that of Churyk et al. (2009) in that we apply content 

analysis to the Management and Discussion Analysis (MDA) section of the annual report as a 

fraud prediction approach. We used Accounting and Auditing Enforcement Releases (AAERs) 

filed by the SEC (www.sec.gov) to establish a set of companies that were required to restate 

revenue. We then verified that 95-97% of these restatements were due to irregularities (i.e., 

fraud) rather than merely errors. This determination was made through carefully scrutinizing 

news articles and the Corporate Fraud Data Base (Corporate Fraud Data Base 2010). We then 

used our model to predict fraud on these and a matched set of companies (in size and in the same 

industry) to provide a controlled comparison. 

Churyk et al. (2009) identified ten narrative variables that were significantly different 

between fraud and non-fraud companies in the asynchronous context. In this group fraud was 

significantly different than non-fraud companies by (1) the presence of an increased number of 

words, (2) fewer unique words, (3) fewer colons, (4) fewer semicolons, (5) fewer use of the 

terms for example or such (i.e., reflecting an example, such as), (6) fewer terms indicating 

positive emotion, (7) fewer terms reflecting optimism and energy, (8) greater terms indicating 

anxiety, (9) fewer terms indicating causation, and (10) fewer present tense verbs. See Table 1 

reflecting results of significance for these factors as reported by Churyk et al. (2009). 
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Following a model building approach, we used backward stepwise regression on these 

variables to determine which factors were the strongest predictors of deception, finding that four 

of these variables contributed positively to the stepwise model. The variables included in the new 

model to suggest the presence of deception are (1) fewer terms indicating positive emotion, (2) 

fewer present tense verbs, (3) the presence of an increased number of words, and (4) fewer 

colons. 

Our hypothesis reflects the belief that these four variables are collectively reflective of 

reliable factors to more accurately predict fraud than most conventional quantitative models 

currently and commonly used during external audits. We cite Skousen and Wright (2008, 58) and 

their reference to Persons (1995) and Kaminski et al. (2004) as documenting that ―…other fraud 

prediction models…have reported success rates of 30 to 40 percent.‖ This evidence suggests our 

central hypothesis: 

Hypothesis: Using our content analysis stepwise model containing the four fraud 

indicator variables of (1) fewer terms indicating positive emotion, (2) fewer present 

tense verbs, (3) an increased number of words, and (4) fewer colons, will provide 

higher overall fraud prediction accuracy than 30 to 40 percent. 

 

Churyk et al. (2009) provide more detailed theoretical support for these content analysis 

factors that suggests their inclusion in the model and the directional effects which we also 

summarize here. Much of the theoretical support is based on Zhou et al. (2004a, 2004b). They 

confirm that deceivers evidence negative emotions that often reflect a negative experience and/or 

an attempt to disassociate oneself from the experience and/or message, and suggest that negative 

unintended cues are expected from deceivers (Zhou et al. 2004b). 

These prior results suggest an expectation of a lower number of positive emotion terms in 

deceptive communication and overlaps with our expectation of a lower number of present tense 
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terms. That is, deceivers often try to disassociate themselves from a deceptive message by using 

non-immediacy, i.e., avoiding present tense (Lee et al. 2009; Georgalis 2006). The intention 

when trying to deceive is to make the message equivocal. A deceiver will try to obfuscate and 

divorce themselves from the message. They will often do this by using syntactical ambiguity in  

constructing sentences to make interpretation unclear. In support of a lower use of examples, and 

consequently the use of colons, lower cognition levels of causation are often present as well. 

Deceivers tend to avoid using clarifying language. They want to keep the message vague to 

avoid being nailed down or individually attached to the message in an attempt to avoid blame. 

Colons are often used to precede examples and are thus expected to be used less by deceivers 

(Zhou et al. 2004a). 

An expectation of more words is directionally unique to asynchronous communication as 

discussed earlier. This type of communication allows a greater time to plan the message—a 

luxury that is not afforded with synchronous communication. Thus, asynchronous 

communication will allow the deceiver to take their time in attempting to be directionally 

persuasive and more convincing (Burgoon 2005; Dunbar et al. 2003). 

 

Method 

Based on our hypothesized relationships, we define the following variables in constructing our 

content analysis-based stepwise model: 

POSITIVE EMOTION = Total number of words or terms indicating positive 

emotion/total number of words or terms x 100; examples include ―happy, pretty, good‖ 

 

PRESENT TENSE = Total number of present tense verbs/total number of words or terms 

x 100; examples include ―walk, is, be‖ 

TOTAL WORDS = Count of a written character or combination of characters representing 

a written word 
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COLONS = Count of colons/total number of words or terms x 100 

 

Full Model: 

FRAUDi = α + β1POSITIVE EMOTIONi + β2PRESENT TENSEi + β3TOTAL WORDSi + 

β4COLONSi + εi 

Sample Selection and Industry Composition 

Following Churyk et al. (2009), we examined the Management Discussion and Analysis 

(MDA) section of annual reports by applying content analysis using the Linguistic Inquiry Word 

count Program (LIWC, 2001). Our analysis was based on two samples of SEC issued 

Accounting and Auditing Enforcement Releases (AAERs) that were issued for 2000–2003 and 

2004–2006. The former was the sample used by Churyk et al. (2009) (to be referred to as the 

original sample) while the latter was used for a holdout sample. These AAERs mandated the 

enforcement of the restatement of financial statements. 

Hennes et al. (2008) emphasize the importance of differentiating between restatements 

due to errors and restatements as a result of irregularities (i.e., fraud). They argue that confirming 

that the restatements in the samples tested were at least predominately due to fraud significantly 

increases the power of the tests. Accordingly, we reviewed the cause for each restatement used in 

our samples and found that 95 to 97 percent of the restatements were confirmed to be due to 

irregularities. We made this distinction by referencing the Corporate Fraud Database cited 

earlier, and by carefully scrutinizing other authoritative sources such as the GAO Database. We 

do not know the degree to which this strengthens the power of our tests compared to other 

studies. Nevertheless, we believe that this confirmation process strengthens the power of our 

study over those studies using restatements as a proxy for fraud who did not confirm that fraud 

was indeed the reason for the SEC mandate. 

We also gathered a control sample of companies similar to the fraud companies (but not 

required to restate) for a basis of comparison. This process involved finding companies of similar 
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revenue size that were in the same industry as the fraudulent firms. The matching process itself 

was conducted by using a non-restatement year since the incidence of the effects of fraud could 

have influenced revenue size providing an inappropriate matching selection. 

Per Table 2, we found 311 companies for the AAER period 2000–2003 and 288 

companies for the AAER period 2004 – 2006 (for a holdout sample) for which AAERs were 

issued for fraud. This number was reduced by duplicate companies that had multiple AAERs for 

the same offense to 245 and 143, respectively. These amounts were further reduced by a lack of 

financial statements or missing identifiable prior year revenue along with an adjustment for 

multiple years to result in final sample sizes of 88 companies for the first sample and 68 

companies for the holdout sample. 

Table 3 presents the industry composition for the two samples based on SIC category. 

This information is presented to aid in comparison for generalization purposes. A quick glance of 

the data suggests that the samples presented are reasonably well-diversified and not likely to be 

systemically representative of any particular industry. 

Procedure 

Content analysis using the LIWC approach was applied to both the fraud and the non-

fraud matched companies of the original sample to determine the frequency of the occurrences of 

the specific variables of interest in the model. This program examines syntax, grammatical cues, 

incidence of particular words or parts of speech such as verbs, colons, etc. Given the defined 

nature of our four variables used in our model building approach, the LIWC program was 

programmed to determine the number of words related to positive emotion, the number of 

colons, the number of present-tense verbs, and the total number of words in the document. We 

applied the same content analysis approach to the control sample of matched companies to 
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determine any systematic differences based on the four variables of interest. Table 4 provides a 

summary of revenue mean data (used to match companies) from the year immediately preceding 

the AAER years for the selected companies in the study. Paired t-tests indicate no significant 

difference between the restated and non-restated companies of each sample (original and 

holdout) based on revenue. Moreover, t-tests indicate no significant differences between the 

fraud and non-fraud firms in the original data as compared to the holdout data based on revenue. 

 

Results 

We conducted backward stepwise regression to choose from a variable set that was well-

supported both theoretically and empirically by Churyk et al. (2009) arriving at the four 

variables in our final model. Backward stepwise regression is the preferred stepwise method 

because forward stepwise regression is more likely to exclude predictors and forward regression 

has a higher risk of making a Type II error. Basic univariate results were produced for the 

variables selected by the content analysis stepwise model and are presented in Table 5 for both 

the original and holdout samples. The coefficients produced by the stepwise model for the 

original data sample are shown in the following equation and, when used collectively, these 

variables provided overall fraud prediction accuracy rates for the original sample, the 

crossvalidation 

using the discriminant method, and the holdout sample, respectively, of 64.2 percent, 

64.8 percent, and 55.9 percent, each of which easily exceeding the conventional model accuracy 

of 30 to 40 percent specified by our hypothesis. 

FRAUDi = 2.89757 – 0.83408 (POSITIVE EMOTIONi) – 0.48315 (PRESENT TENSEi) 

+ .0001 (TOTAL WORDSi) - 2.80753 (Colonsi) 
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Accordingly, applying the equation to the original and holdout samples resulted in the 

confirmation of our hypothesis. Table 6 also provides a matrix of data revealing the fraud 

prediction statistics that includes (1) results for the original model building sample, (2) for the 

cross-validation of that sample, and (3) for the holdout sample. In validating the model we report 

results using both a cross-validation method and using a holdout sample. We used both 

approaches to provide relevant comparative information to other studies. For example, see 

Skousen and Wright (2008) who favored the use of a cross-validation approach to their fraud 

model believing that their sample size (i.e., 86) was too small to split for holdout sample use, 

believing that to do so might provide spurious results. Our original model-building sample was 

sized at 88, but we also used a holdout sample of 68 to provide a conventional approach to 

validation using a holdout sample. As shown on Table 6, in testing the individual fraud/non-

fraud prediction rates, our cross-validated model accurately predicted fraud 67 percent of the 

time and non-fraud 62.5 percent of the time. Comparatively, our holdout sample accurately 

predicted fraud 61.8 percent of the time and non-fraud 50.0 percent of the time. In overall results, 

we find our original sample provided overall fraud prediction accuracy results close to our cross-

validated sample at 64.2 percent and 64.8 percent, respectively. When testing our model on the 

holdout sample, overall accuracy dropped to 55.9 percent— an accuracy amount that still 

exceeds most conventional, quantitative financial models satisfying our hypothesis. 

 

Discussion 

The purpose of this study has been to build and validate a fraud prediction model that is 

more accurate than conventional financial fraud detection mechanisms historically used by 

auditors. We believe that our results evidence this accuracy and suggest our model provides a 
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more accurate fraud prediction and detection model that can effectively be used earlier and by 

more parties than popular conventional (i.e., quantitative financial) models currently available. 

Constituents that can potentially benefit from this model (in addition to auditors) include current 

and potential investors, current employees, and virtually anyone else who has an interest in the 

financial well-being of a particular business organization. 

Future Research 

Although the results of our model are only strictly relevant to our samples and the 

narratives we tested as comprised of the MD&A section of the annual report, further research 

should allow this type of modeling to be practically generalized to multiple venues. This might 

follow a three-step process where (1) the user applies the LIWC program to a narrative of 

interest using the four contextual variables discovered during our model creation; (2) the 

frequencies of that analysis are then compared to narrative results from similar documents; and 

(3) given findings that are significantly different, directionally revealing, and supported by 

relevant theory, the user can investigate further as deemed appropriate. By following this 

approach, the model and it’s variables (i.e., (1) fewer terms indicating positive emotion, (2) 

fewer present tense verbs, (3) the presence of an increased number of words, and (4) fewer 

colons), can potentially provide an early warning system to the user. The point here is that the 

theory behind the model is likely to be consistent across a number of narrative disclosures and 

can likely be compared from prior periods or across writers. Moreover, this process of 

comparison can be conducted by a variety of individuals at virtually any time. 

Contribution 

Our results contribute to the literature by constructing a content analysis model using a 

stepwise regression approach that exceeds prediction accuracy of conventional fraud prediction 
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models. Moreover, this model can be applied to publically available information (i.e., narrative 

disclosures in our case) that can be analyzed to warn of possible intentions to commit fraud in 

some cases. This content analysis model is likely somewhat generalizable for use in deception 

detection more broadly as well. We leave this issue to other researchers to establish, but 

 

deception detection is clearly the central approach to fraud determination using content analysis 

factors in the examination of asynchronous communication. 

As mentioned previously, content analysis has been popular for use in deception 

detection in prior studies and presents an opportunity for early fraud detection and prediction 

using qualitative characteristics. In addition, the content analysis approach can be substantially 

automated to provide a convenient way for multiple constituencies with differing interests to use 

the method. Multiple uses include providing assistance to external auditors as a means to reduce 

the degree of reliance on individual judgment and to perhaps provide an automated tool for 

assessing the need for additional procedures in a formal audit setting or as a tool for help in 

determining new client acceptance. Investors especially stand to benefit from early fraud 

detection and the added risk minimization that result as a consequence. Internal auditors and 

other accountants also can likely benefit from the use of content analysis to help in providing risk 

assessment. They also can be warned of the possible ill intentions of deceivers and perhaps in 

some cases take actions to mitigate individual deception attempts that could result in 

irregularities. Our hope is that our efforts in model building for fraud detection as documented 

here will contribute to the profession and motivate others to improve upon our work. 
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Table 1 

Hypothesized Relationships and Results 

From Churyk et al. ( 2009) 

Direction of       1-tailed 

Variables   Hypothesis   Means ¹  t-statistics  p-values 

1. Total words 

    Restated         >    5386   -1.74   0.04 

    Matched      4553 

2. Lexical diversity 

    Restated    <    21.47   2.34   0.01** 

    Matched 23.51 

3. Colons 

    Restated         <    0.10   2.73   0.003** 

    Matched 0.14 

4. Semicolons 

    Restated         <    0.11   2.12   0.015* 

    Matched 0.15 

5. For example 

    Restated         <    0.003   1.87   0.03* 

    Matched 0.007 

6. Positive emotion 

    Restated         <    2.07   2.54   0.005** 

    Matched 2.27 

7. Optimism and energy 

    Restated         <    0.85   2.01   0.02* 

    Matched 0.95 

8. Anxiety 

    Restated         >    0.02   2.37   0.01 

    Matched 0.04 

9. Causation 

    Restated         <    1.42   1.66   0.045* 

    Matched 1.52 

10. Present tense 

    Restated         <    2.72   2.52   0.005** 

    Matched 2.93 

 

*Hypothesis confirmed at the 0.05 level (statistically significant and directionally correct) 

** Hypothesis confirmed at the 0.01 level (statistically significant and directionally correct) 

 

 

 

²Since means are standardized by word count and then multiplied by 100, actual frequencies of variables are higher 

than the mean values shown here. For example, if one MDA has a word count of 10,000, then the colon mean of 

0.10 indicates the presence of 10 colons in the MDA. 
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Table 2 

Sample Selection 

SEC Accounting and Enforcement Releases 

 

(AAER’s) 2000 – 2003  AAER’s 2004-2006 

SEC AAER’s (Revenue related)    311 firms   288 firms 

Duplicate firms (multiple AAER’s for 

same offense)      66     145 

Subtotal      245     143 

Firms without financials or firms without 

identifiable prior year revenue   152     52 

Potential sample firms     93     91 

No matching firms (match amended, etc.)   25     23 

Final individual firm count    68     68 

Final sample including multiple years 

for restated firms =     88     68 
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Table 3 

Sample Industry Composition 

 

First Sample Second Sample 

SIC Code   SIC Description     Frequency %  Frequency % 

<1000   Agriculture, forestry, and fishing    0  0%  0  0% 

1000-1999  Mining and construction     3  3  0  0 

2000-2999  Manufacturing – food, tobacco, textile,   14  16  9  13.2 

apparel, lumber, furniture, paper, 

printing, chemicals and refining. 

3000-3999  Manufacturing – rubber, leather, stone, metal,  24  27  14  20.6 

machinery, electronic, transportation, 

controlling instruments, miscellaneous 

4000-4999  Transportation, communications,    7  8  4  5.9 

electric, gas and sanitary 

5000-5999  Retail trade       6  7  12  17.7 

6000-6999  Finance, Insurance, and Real Estate    7  8  9  13.2 

7000-7999  Services – hotels, personal, business    22  25  17  25.0 

automotive repair, motion picture, 

amusement 

8000-8999  Services – health, legal, educational,    4  5  3  4.4 

social, museums, membership, 

accounting, engineering, research 

9000-9999  Public Administration     1  1%  0  0 

Total     88  100%  68  100% 
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Table 4 

Sample Statistics for Matching 

 

Mean 

[Median] 

(Standard Deviation) 

 

Fraud Firms   Non-Fraud Firms  t-value** 

Firms (millions)  Firms (millions)  (significance) 

Original Data   Revenue*  1,100.93   921.96 0.36   (0.717) 

[91.77]   [82.57] 

(2.55)    (2.21) 

 

Holdout Data   Revenue*  2119.42   2066.27 0.05   (0.941) 

[167.45]   [169.57] 

(6.37)    (6.31) 

 

t-value (significance)**   -1.04(0.30)   -1.19 (0.24) 

 

*Firms matched on revenue 

** Paired t-tests (based on revenue) indicate no significant differences between the fraud and 

non-fraud and between the two groups (fraud original data v. fraud holdout sample and non-

fraud original data v. non-fraud holdout data). 
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Table 5 

Descriptive, Univariate, and T-Tests 

Original Sample 

 

Non-Fraud 

Variable   Mean  Median  SD  SE  t-stat  (Pr > |t|)  M  (Pr > M) 

Positive Emotion  2.30   2.12   0.80  0.08  27.10  (<0.0001)  44  (<0.0001) 

Present Tense   3.05   3.04   0.67  0.07  42.97  (<0.0001)  44  (<0.0001) 

Word Count   5028   3936   3861  411  12.22 (<0.0001) 44  (<0.0001) 

Colon    0.14   0.09   0.15  0.02  9.06  (<0.0001)  38 (<0.0001) 

 

Fraud 

Variable   Mean  Median  SD  SE  t-stat  (Pr > |t|)  M  (Pr > M) 

Positive Emotion  2.05  2.01   0.51  0.06  37.57  (<0.0001)  44 (<0.0001) 

Present Tense  2.81   2.78    0.59  0.06 44.70  (<0.0001)  44  (<0.0001) 

Word Count   5703   4221    4037  430  13.25  (<0.0001)  44 (<0.0001) 

Colon    0.11   0.11    0.08  0.01  12.49  (<0.0001)  40  (<0.0001) 

 

Holdout Sample 

 

Non-Fraud 

Variable   Mean  Median  SD  SE  t-stat  (Pr > |t|)  M  (Pr > M) 

Positive Emotion  2.03  2.00 0.   64  0.08  26.04  (<0.0001)  33  (<0.0001) 

Present Tense   2.78  2.86    0.75  0.09  30.35  (<0.0001)  33.5  (<0.0001) 

Word Count   4785  4214    3107  377  12.70  (<0.0001)  34  (<0.0001) 

Colon    0.16  0.13    0.16  0.02  8.32  (<0.0001)  29.5  (<0.0001) 

 

Fraud 

Variable   Mean  Median  SD  SE  t-stat  (Pr > |t|)  M  (Pr > M) 

Positive Emotion  2.26  2.05   0.70  0.08  26.65  (<0.0001)  34  (<0.0001) 

Present Tense   2.75  2.73   0.73  0.09  30.89  (<0.0001)  34  (<0.0001) 

Word Count   7860  5752   6027  731  10.75  (<0.0001)  34  (<0.0001) 

Colon    0.17  0.13   0.16  0.02  8.58  (<0.0001)  31.5  (<0.0001) 

 

 

 

 

 



Journal of Forensic & Investigative Accounting 

Vol. 5, Issue 1, January - June, 2013 

 

54 
 

Table 6 

Model Prediction Accuracy 

 

Original Sample: 

Non-Fraud %   Fraud %  Correct % 

Non-Fraud %      55    33   62.5 

Fraud %      30    58   65.9 

 

Overall %           64.2 

 

Cross-validated: 

Non-Fraud %   Fraud %  Correct % 

Non-Fraud %      55    33   62.5 

Fraud %      29    59   67.0 

 

Overall %           64.8 

 

Holdout Sample: 

Non-Fraud %   Fraud %  Correct % 

Non-Fraud %      34    34   50.0 

Fraud %      26    42   61.8 

 

Overall %           55.9 
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