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ABSTRACT 

The three objectives of this dissertation were to develop a question type 

model for predicting linguistic features of responses to interview questions, 

create a tool for linguistic analysis of documents, and use lexical bundle analysis 

to identify linguistic differences between fraudulent and non-fraudulent financial 

reports. 

First, The Moffitt Question Type Model (MQTM) was developed to aid in 

predicting linguistic features of responses to questions. It focuses on three 

context independent features of questions: tense (past vs. present vs. future), 

perspective (introspective vs. extrospective), and abstractness (concrete vs. 

conjectural). The MQTM was tested on responses to real-world pre-polygraph 

examination questions in which guilty (n = 27) and innocent (n = 20) 

interviewees were interviewed. The responses were grouped according to 

question type and the linguistic cues from each groups’ transcripts were 

compared using independent samples t-tests with the following results: future 

tense questions elicited more future tense words than either past or present tense 

questions and present tense questions elicited more present tense words than 

past tense questions; introspective questions elicited more cognitive process 

words and affective words than extrospective questions; and conjectural 

questions elicited more auxiliary verbs, tentativeness words, and cognitive 

process words than concrete questions.  
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Second, a tool for linguistic analysis of text documents, Structured 

Programming for Linguistic Cue Extraction (SPLICE), was developed to help 

researchers and software developers compute linguistic values for dictionary-

based cues and cues that require natural language processing techniques. SPLICE 

implements a GUI interface for researchers and an API for developers.  

Finally, an analysis of 560 lexical bundles detected linguistic differences 

between 101 fraudulent and 101 non-fraudulent 10-K filings. Phrases such as “the 

fair value of,” and “goodwill and other intangible assets” were used at a much 

higher rate in fraudulent 10-Ks. A principal component analysis reduced the 

number of variables to 88 orthogonal components which were used in a 

discriminant analysis that classified the documents with 71% accuracy.  

Findings in this dissertation suggest the MQTM could be used to predict 

features of interviewee responses in most contexts and that lexical bundle 

analysis is a viable tool for discriminating between fraudulent and non-

fraudulent text. 
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1 INTRODUCTION 

Theories on deceptive behavior predict that deceiver’s language will differ 

from truth teller’s language (Buller and Burgoon, 1996; Johnson, Grazioli, and 

Jamal, 1993a; McCornack, 1992; Zuckerman, B. M. DePaulo, and Rosenthal, 

1981) and many studies have lent support to these theories (Moffitt and Burns, 

2009; Vrij, Edward, Roberts, and Bull, 2000; Zhou, Twitchell, Qin, Burgoon, and 

Nunamaker, 2003). One protocol for testing these theories is to have deceptive 

and truthful interviewees answer the same battery of questions. When the 

responses to the questions are compared the following questions may be 

answered: Do deceivers display more uncertainty? Do deceivers use less active 

language? Do truth tellers give longer responses? The answer is: it depends. For 

example, truth tellers may give longer responses to impromptu question, but 

deceivers have been found to give longer responses when given the time to plan a 

response (Burgoon and Qin, 2006; Zhou et al., 2003). Apart from the medium 

and time for planning responses, other factors may influence verbal responses of 

interviewees including interviewer style, culture, and the type of question being 

asked. Although interview questions within and between studies have varied, 

questions have been treated as equal. Remarkably the topic of question type has 

yet to be fully addressed. In this dissertation question type is the focus of 

predicting the properties of verbal responses. This study takes the first steps into 

identifying the attributes of interview questions that may impact a deceiver’s or 
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truth teller’s verbal response. A question type model is presented, and verbal 

responses (truthful and deceptive) are compared across question type. 

In addition to a new question type model, this dissertation presents a new 

tool for linguistic cue extraction called Structured Programming for Linguistic 

Cue Extraction (SPLICE). SPLICE has many advantages such as a built-in web 

service API, an easy-to-use GUI interface, and on the developer side, an intuitive 

interface for extending its capabilities.  

Finally, this dissertation presents a study wherein lexical bundles, a special 

type of n-gram, are investigated as a technique for detecting linguistic differences 

between truth tellers and deceivers. Lexical bundles have advantages over bag-0f-

words approaches that treat individual words out of context including being less 

ambiguous than individual words.  

The studies and projects of this dissertation have several potential benefits 

for both practitioners and academic researchers. The new question type model 

could serve as a tool for devising interview questions (or understanding existing 

questions) for job interviews, criminal interviews, and research studies. SPLICE 

could be used by practitioners and researchers for real-time analysis of text in 

distributed environments. Integration with speech-to-text software would allow 

for near real-time analysis of speech. Finally, the new lexical bundle technique 

will open new avenues for researchers to compare truthful and deceptive 

discourse. 
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This dissertation is organized in the following manner: (1) the new question 

type model is exposited and tested using data from real-world criminal 

interviews, (2) the new tool SPLICE is explained in detail, and (3) the new 

technique for comparing truthful and deceptive documents is set forth and 

applied. 
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2 QUESTION TYPE MODEL 

The new question type model presented in this chapter was developed with a 

one-on-one interview context in mind. The purpose of the model is to aid in 

predicting the linguistic properties of responses to interview questions. The 

model is tested and operationalized with interview questions from real-world 

criminal interviews, in some of which the interviewees were deceptive.  

2.1 Interview-based Deception Research 

Deception research is often conducted by analyzing discourse produced 

from one-on-one interviews.  These dyadic interactions include an interviewer 

who follows a set of scripted questions and an interviewee who is instructed to 

deceive the interviewer (if in the deceptive condition). If the deception is deemed 

credible, some sort of reward (usually financial) follows (Burgoon, Levine, 

Nunamaker, Metaxas and Park, 2009).  

Scenarios for these interviews vary. If the interview follows a crime, 

relevant questions to the crime are asked. In one mock crime study (Burgoon et 

al., 2008), the questions were modeled after polygraph examinations with 

relevant questions, irrelevant questions and control questions. In polygraph 

examinations, relevant questions are those which deal specifically with the crime 

at hand and are used to ascertain the interviewee’s involvement in the crime. 

Irrelevant questions have nothing to do with the crime and are used to “reset” the 

emotional state of the subjects. They are placed at the beginning and middle of 
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interviews. Control questions are designed to elicit a fear of discovery from 

subjects. The working premise of the polygraph examination is that if more stress 

is evinced (as measured by certain instruments) from the control questions that 

from relevant questions, the subject is innocent. If the reverse is true, the subject 

is deemed innocent. If the fear is commensurate, the results are inconclusive. For 

example, in the mock crime study subjects were asked the control question, 

“Have you ever lied to a person in a position of authority?” This question should 

evince more fear from the innocent subjects than relevant questions. For guilty 

subjects that question should evince less fear than relevant questions.  

2.1.1 The Behavior Analysis Interview 

In the same mock crime study some questions were modeled after the 

Behavior Analysis Interview (BAI). The BAI is the only standardized interviewing 

technique developed specifically to help discriminate between those who are 

‘likely to be guilty and those who are not’ (Horvath, Blair, and Buckley, 2008). 

Over 150,000 law enforcement officers around the world have been trained to use 

the BAI, but there is still very little scientific evidence supporting its validity 

(Blair and Kooi, 2004). The technique was developed by John E. Reid and 

Associates, Inc., as a result of a field study conducted by Horvath in 1973 (Blair 

and Horvath, 2005). According to Blair et al., Horvath studied the pre-test 

interview portion of the polygraph examination by carefully documenting the 

verbal and non-verbal behaviors of the interviewees. By comparing the truthful 
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and deceptive interviewee responses to a model developed from practitioner 

experience, he found that 77% of all the truthful subjects’ answers were of the 

“truthful type”, while 66% of the deceivers’ answers were of the “deceptive type”. 

The results of this study led John Reid and Associates, Inc., to create a systematic 

interview for determining the guilt or innocence of an interviewee. The BAI is 

also known as the “Reid Technique.” 

Horvath et al. (Horvath et al., 2008) describe the purpose of the BAI as a 

screening tool and not as a tool for detecting deception. The authors, in their 

paper, emphasize two key attributes of the BAI: (1) the BAI was designed as a 

screening tool to distinguish whether or not the interviewee is guilty of the crime 

in question and (2) the “Sherlock Holmes Effect” is presented as the major 

distinguishing feature between innocent and guilty subjects. 

First, the authors point out that the BAI, if conducted correctly, will result 

in a decision of either ‘Eliminated from suspicion’, or ‘Not eliminated from 

suspicion’. They emphasize that the BAI is not used to expose deceivers, but 

rather to find out if people are withholding information. They also say that the 

BAI is not limited to the police environment, but can also be used in scenarios 

such as employers investigating employee theft. 

Second, the authors describe a phenomenon called the ‘Sherlock Holmes 

Effect’ as a principal discriminator between innocent and guilty subjects. This 

effect is present when an innocent subject who is familiar with the crime (and 

meets other preconditions) tries to mentally reason who could have committed 
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the crime. Because of this effect, innocent subjects should respond differently to 

BAI questions such as, “who could have committed this crime,” “how could this 

crime have been committed,” and “what would motivate someone to commit this 

crime?” The description of the Sherlock Holmes Effect is perhaps the most 

substantial theoretical contribution to criminal interviewing the BAI offers. 

Although the BAI has been thoroughly documented as an interviewing 

technique for practitioners (Inbau, Reid, J.P. Buckley, and Jayne, 2001), a 

paucity of related scholarly research has emerged. This has resulted in a failure to 

solidify the theoretical underpinnings of the technique. Vrij et al. (Vrij, Mann, 

andFisher, 2006) attempted the first experimental study of the BAI. The results 

of their study showed that the BAI did differentiate liars from truth tellers, but 

that the results were in line with what deception theory would predict, not the 

BAI. According to Vrij et al., the predictions of deception theory are completely at 

odds with what the BAI would predict in terms of deceivers’ behaviors. 

Unfortunately, Vrij et al. only focused on the Impression Management 

Hypothesis, a hypothesis stating liars are more concerned about impression 

management than truth tellers, and used it as a surrogate for “deception theory”. 

In Horvath et al.’s paper, the authors give detailed accounts of field studies 

and laboratory studies used to assess the BAI and recommendations for 

conducting future studies. The authors point out that the major shortcoming of 

field studies is the difficulty of establishing ground truth. Even confessions are 

not completely reliable due to the frequency of false confessions. While this 
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frequency is unknown, separate studies have put the rate at somewhere between 

.001% and 12%. Laboratory studies, on the other hand, have the problem of 

establishing ecological validity. Horvath et al. (2008) point out that Vrij et al.’s 

(Vrij, Mann, and R. Fisher, 2006) study failed to meet all of the preconditions for 

the Sherlock Holmes effect to be present and that it was a very low-stakes 

scenario lacking in ecological validity. Horvath et al. recommend continued 

laboratory and field research with an emphasis of evaluating the presence of the 

Sherlock Holmes Effect. In order for this effect to be present, certain 

preconditions must be met and designed into experiments. They emphasize the 

importance of realistic designs that will provide results that benefit a real-world 

environment. 

Blair et al.( unpublished manuscript) also endeavored to develop new 

insights into the theoretical foundation of the BAI. Their study first provided 

some theory development, largely based on Inbau et al.’s (2001) work, for each of 

the fifteen standard behavior provoking questions of the BAI. They also 

categorized the 15 questions into groups: self-presentation questions, 

information management questions, outcome questions, and developmental 

questions. Because the theory development on individual-questions was so 

reliant on the Inbau et al.’s work, the real contributions of this study are the 

categorizations of the questions and the accompanying experiment which, unlike 

Vrij et al.’s study, supports the propositions of the BAI.  
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This chapter takes a closer look at the impact certain types of BAI 

questions have on linguistic responses.  The evidence suggests that the type of 

question asked elicits different types of linguistic behaviors. Moreover, certain 

question types elicit different verbal behaviors from deceivers and truth tellers. 

For example, it might be hypothesized that deceivers are more reticent, but when 

asked an impersonal or irrelevant question there may be no reason for the 

deceiver to be reticent.  

2.2 What is a Question 

Questions are an essential tool for communication, inquiry, and knowledge 

acquisition. Questioning is an essential part of all interviews, police 

investigations, and learning in the classroom. To encourage question asking 

many instructors have repeated to their pupils the proverb, “there is no such 

thing as a dumb question.” Indeed, Albert Einstein was quoted as saying, “The 

important thing is not to stop questioning.” 

A question has been defined as a statement that is intended to elicit a verbal 

response from the addressee (Chafe, 1975), a statement that includes a question 

mark (Kearsley, 1976), and a statement that includes any of the Wh- words 

(Robinson and Rackstraw, 1972). Questions have also been defined by the set of 

assertions that answer that question. For example, if the same set of statements 

answers two differently worded questions, the questions are equivalent (Knuth, 

2002).  
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In addressing fundamental properties of questions, Flammer presented a 

theory of question asking (Flammer, 1981) wherein he identified essential 

characteristics of verbal, non-rhetorical questions and presented them as 

postulates. His postulates describe only questions that can be expressed verbally 

or in written language and that contain a question mark, or a question intonation 

in the voice. His first postulate is that questions concern information that the 

questioner lacks. In non-evaluative settings, the questioners would not ask the 

question unless they lacked knowledge. His second postulate is that a questioner 

asks a question presupposing the knowledge is available. In other words, 

questions are asked of potential sources of information. The third postulate is 

that questions are asked in a way that limits the possible responses. For example, 

a question about a movie would narrow responses to statements about that 

movie. A response about the weather would probably not fall within the scope of 

relevant responses to that question. The fourth postulate is that the asker must 

know something about the answer in order to ask a relevant question. Flammer 

explains this postulate by putting knowledge in a hierarchical framework. In 

order to know a lower level, higher levels must first be known.  

Each of Flammer’s postulates is relevant to the types of questions that 

would be asked in an interview. In the scenario of a criminal interview, a 

detective may ask a suspect, “Did you steal Bob’s car?” The investigator clearly 

lacks knowledge about this piece of information (postulate 1) and is looking for a 

confession. The investigator also believes that the suspect can give an answer to 
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this question (postulate 2) whether it be a yes or no answer. The question limits 

the possible relevant answers to this question (postulate 3) to responses about 

the stolen car. Finally, to ask the question the investigator had to know higher 

order knowledge, that the car was stolen. 

Given Flammer’s narrow definition of what constitutes a question, that 

definition still applies to a large percentage of questions asked. His postulated are 

useful for understanding fundamental attributes of questions and question 

askers.  

2.3 Questioning Settings 

Questions are asked in many settings and techniques have been devised to 

elicit the most useful information appropriate for the situation. This section 

reviews techniques used in those contexts. These techniques which helped inform 

the creation of the question type model in this chapter.  

2.3.1 Job Interviews and Techniques 

Employment interview research has focused on identifying questions that 

will predict future performance from job candidates (Huffcutt and Arthur, 1994). 

The two most common types of interviews are experience-based and situational-

based interviews. The purpose of experience-based interview questions is to elicit 

accounts from the interviewee’s past that demonstrate a sufficient level of skill 

and knowledge to perform the requisite tasks. For these questions, interviewees 
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can draw upon any experience from their past that relates to the question at 

hand. Due to the variability inherent in past experiences, answers are similar. 

Those with higher quality experiences should generally be judged as having 

higher quality responses.  

In situational-based interviews, the context of the question is more clearly 

defined. Interviewees are presented a hypothetical situation and then asked how 

they would respond. Compared to experience-based questions, the resulting 

responses should be more comparable across candidates, thus making it easier to 

compare candidates. Huffcutt et al. (Huffcutt, Weekley, Wiesner, Degroot, and 

Jones, 2001) contend that situational questions may fail to extract the subtleties 

and dynamics that would be present when relating an actual experience. Thus, 

unqualified participants may have answers that are barely distinguishable from 

those given by qualified participants. The context and the dynamics are presented 

by the interviewer potentially making the question easier to answer. 

2.3.2 Criminal Interviews and Techniques 

Criminal investigators have long debated what is the most effective type of 

interview style for criminal interviews (Vrij, Mann, and Fisher, 2006; 

Williamson, 1993). Accusatory interviews and their attendant in-your-face 

approach may be used to quickly extract confessions from the interviewees, but in 

some situations practitioners may prefer a less confrontation approach such as an 

information-gathering style. In this approach the interviewer’s main goal is 
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typically not to get a confession, but to gather additional evidence for the 

investigation. Information gathering is a technique used for witnesses and 

suspects alike. One type of information gathering technique is the cognitive 

interview (Fisher, Geiselman, and Amador, 1989). The cognitive interview 

guidelines are used to help interviewees retrieve more detailed information than 

is gathered in standard police interviews. The guidelines include putting the 

interviewee’s mind back into the crime scene, encouraging the interviewee to 

make focused and repeated efforts to recover details, and tailoring the questions 

and interview style for each interviewee. 

In relating the interview techniques to deception research, cognitive 

interview questions search for more detail and should be more difficult for 

deceivers to answer since they don’t have any actual experience to draw upon, or 

they are trying to omit details relevant to the investigation and still produce a 

plausible story. Experience-based interview questions should be more difficult to 

answer because they ask about specific experiences. These should be relatively 

easy for truth tellers to answer and difficult to deceivers to answer since they have 

to invent fake or modified memories. Situational-based interviews may yield 

answers that are difficult to classify as deceptive or truthful since the situation is 

hypothetical.  
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2.3.3 Survey Questions and Techniques 

Improving survey questions has been an area of interest since at least the 

first half of the 20th century. The seminal paper by Rugg (1941) asked the 

questions found in Table 1 and had striking results: 

Table 1. Questions from Rugg, 1941. 

Question Yes No Don't Know 

Do you think the United States 

should allow public speeches against 

democracy? 

21% 62% 17% 

Do you think the United States 

should forbid public speeches 

against democracy? 

46% 39% 15% 

 

Rugg explains that the word forbid appears to make the threat to civil 

liberties more apparent. Hence more people were willing to not allow speeches 

against democracy than were willing to forbid it. What has since been termed the 

forbid/allow asymmetry has spawned numerous research articles from those who 

wish to explain it (Hippler and Schwarz, 1986; Holleman, 2006). That question 

wording can elicit divergent responses from semantically similar questions is 

nowadays accepted as axiomatic. This principle appears to be universal, 

applicable not only to survey questions but also to interview questions and every-

day conversation.  

To mitigate the potential for unwanted question effects, survey researchers 

have invented heuristics for assessing the quality of interview questions from the 
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interviewee’s perspective. For example, (Fowler, 1995) suggests five standards of 

goodness for evaluating question design: (1) the question must be consistently 

understood, (2) questions must be consistently administered, (3) what 

constitutes and adequate answer must be consistently communicated, (4) 

respondents should have access to the information need to answer the question 

accurately unless the objective is to measure knowledge, and (5) respondents 

must be willing to provide an answer to the question. In addition, survey 

researchers are exploring the Cognitive Aspects of Survey Methodology (CASM). 

CASM is a cognitive model of the question response process of the interviewee 

and is comprised of four stages: comprehension of the item, retrieval of relevant 

information, use of information to make judgments, and using that judgment to 

create a response (Tourangeau, Rips, and Rasinski, 2000). 

2.4 Question Attributes 

In a recent report on a deception study (Burgoon et al., 2009), several 

question attributes were identified. It was thought that these question attributes 

had some impact on the verbal responses of the interviewees, though no tests 

were conducted to verify this. It was also thought that deceivers and truth tellers 

may respond differently based on the question attribute. The attributes of the 

questions that were identified were content type, level of cognitive judgment, 

verifiability, ease of being verified, verb tense, valence, superlatives, variance by 

culture, multiple questions, modal verbs, likely actions, feelings, judgments, 
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event narratives, past transgression, level of certainty in truth, level of certainty 

in lie, quantity, quality, and relevance. Question attributes may have accounted 

for some of the differences between deceptive and truthful responses. Below, 

each attribute is described. 

Content referred to the type of content that was expected from questions 

being asked. The four content classifications were episodic memory, 

autobiographical, moral dilemma, and future-oriented.    Responses to episodic 

memory questions were expected to include narrative details from the 

interviewee’s past. Autobiographical questions endeavored to draw out personal 

details and feeling states.  Responses to moral dilemma questions should have 

consisted of more deliberative discourse, moral standards and rationalizations 

for actions. Future-oriented questions were meant to evoke language typical of 

future plans. A truthful person was expected to respond with content that was 

consistently relevant to the question. Any deviation would suggest deception. 

Level of cognitive effort referred the amount of cognitive effort and 

deliberation needed to answer a question. Questions were classified as factual, 

divergent, or evaluative.  Factual questions were designed to elicit simple, 

straightforward answers at the lowest level of cognitive effort.  Divergent 

questions required a higher level of cognitive effort, as they may require 

prediction, conjecture, or inference based on facts. Evaluative questions require 

the highest level of cognitive effort and may require synthesis, evaluation, and 

sophisticated conclusions.  
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Verifiability of the questions referred to whether it would be possible to 

verify a response to the question at hand. Questions were classified as verifiable, 

not verifiable, or interviewer knowledge.  Verifiable questions could possibly be 

independently verified by the interviewer. Not verifiable questions could not be 

independently verified by the interviewer. One question was classified as 

interviewer knowledge because it asked about something for which the 

interviewer knew the truth. 

Ease of being verified is different from verifiability in that is assesses the 

difficulty of verifying responses. Rating for questions included easy, somewhat 

easy, somewhat difficult, and difficult to verify.  A truthful interviewee would not 

be concerned about the verifiability of his or her answer, while a deceptive 

interviewee might craft an answer based on the question’s ease of being verified.  

A deceptive interviewee would be sensitive to varying degrees of verifiability, 

however subtle.  

The verb tense attribute identified the tense of each question. All 

interviewees should generate responses in the same verb tense that the question 

is asked, but if the question is answered in a different tense that may be a sign of 

deception. 

Valence referred to the affective respones that might be elicited from the 

interviewee by the question.  Questions were classified with positive, negative, or 

neutral valence. Truthful interviewees should be more likely to respond to 

questions with positive valence.  Deceptive interviewees may not be as 
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forthcoming with their responses to high valence questions and may choose to 

answer questions neutrally. 

Superlatives referred to whether a question called for the use of 

superlatives (e.g., best, worst) in the reply. When asked a superlative question, a 

truthful interviewee might be inclined to take more time to access what he or she 

believes is the superlative experience in question. Consequently, the truthful 

interviewee may show some initial hesitation. A deceptive interviewee, however, 

may have less difficulty crafting an answer to a question posed in superlative 

form because he or she has a definite frame of reference with which a deceptive 

answer can be crafted.  The deceitful interviewee does not have to completely 

fabricate a new deceptive answer, but can simply negate a truthful superlative 

answer as a response. 

The variance by culture attribute indicates that certain questions’ 

responses will probably be more sensitive to the cultural differences of the 

participants than other questions.    

Modal verb questions used the word “would” in them. They would also 

include words such as “should” and “might”. The action attribute indicated 

whether or not the question asked about action-oriented themes. The judgments 

attribute indicated whether the interviewee response required a judgment to be 

made. Since interviewees must make a judgment in order to respond, a 

cognitively taxing task, deceivers might use delaying tactics to buy time to devise 

a convincing answer.  
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The events attribute indicated if the question was asking about past, 

present, or future events. A truthful response should have referred to the events 

in question. 

The comparative question attribute indicated whether the topic at hand 

had to do with a negative event from the interviewee’s past. A truthful respondent 

should have had more difficulty answering the comparative questions because 

they should have instinctively resisted sharing negative information about 

themselves. The comparative question is discussed in more detail in a later 

chapter. 

The certainty in truth attribute indicated the level of certainty that might 

be expected for a truth teller to exhibit in their response. Truth-tellers in general 

should exhibit more certainty in their responses than deceivers, but different 

questions will elicit different levels of certainty. For example, responses about 

past events should employ more certainty language on average than responses 

about future events that have yet to take place. 

The quantity, quality, and relevance attributes represented three Gricean 

conversational maxims and the likelihood each would be violated during a 

deceptive response. The maxim of quantity is violated when either more or less 

information is given than was asked for. For each question, we suspected 

deceivers had a medium to high likelihood of violating the maxim of quantity. 

The maxim of quantity can be violated by withholding information or giving more 

information than was asked for. The maxim of quality is violated when false 
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information is presented as truth. For all questions but question 9, the answer for 

which the interviewer had direct knowledge, there appeared to be a high 

probability that the maxim of quality would be violated by deceivers. It was 

thought that deceivers would probably gravitate toward this strategy of deception 

since there was little likelihood that any of the other questions would actually be 

verified by the interviewer. The maxim of relevance is violated when responses 

are not related to the question. It was unlikely that in an interview setting where 

the questions are predetermined that the relevance maxim would be violated by 

deceivers.  

This list of question attributes represents only a subset of the innumerable 

attributes that could be used to describe questions. In the next section, more 

general models of question type, or question taxonomies from past research are 

reviewed.   

2.5 Question Taxonomies  

In past research, question definitions and even a theory of question asking 

have been identified in an effort to better understand questions.  Furthermore, 

question type taxonomies have been created to increase the understanding of 

questions and fulfill a variety of other purposes. For example, in pedagogical 

research, Graesser and Person (1994) created a taxonomy (see Figure 1) of 

question categories to help tutors improve their question asking skills. The main 

categories identified were short answer, long answer, assertions, and requests.  
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With the taxonomy in place, the researchers were able to evaluate and count 

the questions used by tutors and students in tutoring sessions and compare this 

to questions asked in regular classroom settings. The results showed that the 

questions asked to tutors and instructors were similar in type and quantity in 

each setting, however, students asked much more questions in tutoring sessions 

compared to classroom settings. In related research, Nielsen et al. (Nielsen, 

Buckingham, Knoll, Marsh, and Palen, 2008) refined the Graesser and Person 

taxonomy question taxonomy to guide automated question generation systems in 

student assessment. 

 

Figure 1. Taxonomy of question categories. 

 

Robinson and Rackstraw (Robinson and Rackstraw, 1972) focused on the 

Wh- words (Who, What, Which, When, Where, Why, How) taxonomy (see Figure 

2) and described those words as “the total set of lexically marked interrogative 

words”. They assert that each of these words has the property of being able to 

create an interrogative sentence. Pomerantz (2005) points out that while Wh- 

words are a convenient scheme for English speakers to categorize question types, 
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not all questions are posed using one of those seven words. For example, a 

question may be a statement: “Tell me more”, “I don’t understand”, and “I’m 

looking for the name of the 13th President of the United States.” Each of these 

statements would serve to elicit a response as if an actual question had been 

asked. Thus, the Wh- question taxonomy is convenient way to describe how 

question can be formed, but it is not exhaustive. 

 

Figure 2. The Wh- words question taxonomy. 

 

Another taxonomy is the “subjects of questions” taxonomy (Pomerantz, 

2005). This taxonomy (see Figure 3) has to do with grouping questions based on 

the topic they ask about. These types of collections are maintained in reference 

disciplines such as library science in order to train future librarians in the areas 

that receive the most inquiries 
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Figure 3. A taxonomy based on the subjects of questions. 

 

  A question taxonomy based on question form and a taxonomy based on 

question function were proposed in an effort to better understand the question 

asking and question answering processes (Kearsley, 1976). The question form 

taxonomy attempts to delineate questions based on increasingly narrow 

orthogonal characteristics (see Figure 4). Thus, questions are divided into verbal 

and nonverbal questions. Verbal questions are either direct or indirect, indirect 

questions being declarative sentences that contain an interrogative phrase such 

as, “I wonder where the house is.” Direct questions are either open or closed, 

closed questions having an explicit or implicit finite number of possible answers.  
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Figure 4. A taxonomy of question form. 

 

The second taxonomy proposed by Kearsley (1976) is based on question 

function (see Figure 5). This taxonomy is built around the theory that questions 

are not only meant to elicit verbal responses (Chafe, 1975), but can perform other 

functions as well. The “echoic” function of a question such as, “What?” and 

“Pardon?” prompt the person to repeat their last statement. “Epistemic” 

questions serve to gather knowledge, information, or facts from the person being 

asked. “Expressive” questions convey the asker’s attitude along with the 

information. The attitude is often conveyed by the asker by putting an emphasis 

on a particular word in the question, but it can also be conveyed and detected 

syntactically such as in the question, “Are you finished or aren’t you?” The 

function of “social control” is independent of the content of the question. Social 

control questions are used to dictate the topic and flow of a conversation to exert 

authority. Unlike the form taxonomy which is comprised of categories with 
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orthogonal relationships, a single question can fall into many categories of the 

function taxonomy. 

 

Figure 5. A taxonomy of question function. 

 

2.6 The Moffitt Question Type Model 

The purpose of a new question type taxonomy is to provide a model for 

predicting linguistic characteristics of responses to interview questions. The 

Moffitt Question Type Model (MQTM) focuses on a subset of question 

dimensions that may be used to predict the linguistic characteristics of the 

elicited responses. It is a preliminary model will likely evolve over time as more is 

learned about the properties of questions and how they relate to verbal 

responses.  

 The model was developed from the perspective of identifying question 

attributes that would influence linguistic characteristics of the responses. For 

example, it was thought that questions asked about the past (described as past 

tense questions) would probably be mirrored by responses that use past tense 

verbs. The same goes for present tense and future tense questions. For example, 
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if someone is asked, “What did you do today?” they will be more likely to 

respond, “I woke up and prepared for this interview” than by saying, “I will have 

French toast for dinner.”  

 When identifying the important question attributes that predict attributes 

of responses, it became apparent that some of the attributes were more 

dependent on the context of the interview than other attributes (see Figure 6). 

Context dependent attributes can only be evaluated with adequate knowledge of 

the interview context. For example, to judge the relevance of a question one 

would need knowledge of the topic of the interview. In other words, without an 

understanding of what the interview is about, or of the questions asked 

previously, it would be impossible to judge whether or not a question is relevant. 

Another context dependent question attribute is the difficulty of the question. 

Question difficulty depends not only on the interview topic, but also the prior 

knowledge of the interviewee and the clarity of the question wording. There are 

perhaps hundreds of context dependent question attributes to be identified and 

studied. This chapter deals with context independent question attributes. 

The question tense is a context independent question attribute. The tense 

of the question is not dependent on whether the question is about food at a 

restaurant or a meeting at the United Nations headquarters. With no knowledge 

of the context, the tense of the question can be ascertained. Two other attributes 

have been identified that appear to be independent of context are the 

abstractness of the question topic and the perspective of the question.  
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Question Attributes

Context 

Dependent 

Attributes

Context 

Independent 

Attributes

Tense Abstractness Perspective

Past

Present

Future ConjecturalConcrete Extrospective

Introspective

Relevance Difficulty Etc...

 

Figure 6. Question taxonomy that includes context dependent and context 

independent attributes. 

 

 The abstractness of the questions describes how concrete or conjectural 

the topic is that the question asks about. Concrete topics ask about real things 

such as events, objects, feelings, and people. Conjectural questions ask about 

things that are not real such as imagined people or objects, and situations that 

have not and will never occur. An example concrete question is, “Where were you 

on the night of the murder?” In this example the interviewer is asking about 

something that happened in the past. In another example, “Where will you go 

tomorrow”, the interviewer is asking about something that will happen in the 

future. Both examples are classified as concrete because the interviewer is asking 

about a real past event and real current plans for the future. Thus, the 

abstractness attribute is independent of the tense attribute.  
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An example conjectural question is, “What would you have done if she had 

talked to you first?” Another example is, “How would you feel if you found out the 

truth?” Each of these questions presents hypothetical questions, each in a 

different tense. Both questions are classified as conjectural because they ask 

about situations that never occurred or have not yet occur with no certainty that 

they will occur. The interviewee is forced to imagine hypothetical conditions 

presented by the interviewer. Questions that ask the interviewee to suppose, 

pretend, or guess would all be classified as conjectural.  

The perspective attribute of the question relates to the introspective or 

extrospective nature of the question. Introspective questions are those which ask 

the interviewee to reveal information that only they can perceive. Extrospective 

questions ask about information that could theoretically be perceived and verified 

by others. An example introspective question is, “How will you feel when they 

leave you?” Another example is, “What do you think will happen if you get 

caught?” Each question asks about details and information that could only be 

perceived by the interviewee. Thoughts, feelings, and imagination are possible 

topics of introspective questions. 

Extrospective questions ask about things that can be perceived by the five 

traditional senses: sight, hearing, smell, touch, and taste.  Note that the subject of 

the question hasn’t necessarily been perceived; it just could theoretically be 

perceived. For example, this question about the future, “Who will you see 

tomorrow?” is extrospective even though the people that will be seen have not 
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been seen yet. Another example is, “What would you do if their dog attacked 

you?” This question also asks about an event that has not happened and this case 

it is not even expected to happen. However, if it did happen, it would be 

observable by others. 

It is important to remember that the three context independent attributes 

are orthogonal to one another. How each dimension might be used to predict the 

linguistic properties of the responses is outlined in the next paragraphs.. 

Each of the attributes might better be visualized as a continuum. Figure 7 

shows each of the context independent attributes along a continuum or axis.  

 

 

Figure 7. The three attributes of the Moffitt Question Type Model 
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To further visualize and perhaps understand better the question attributes they 

can be portrayed as three axes of a three dimensional graph (see Figure 8). Each 

octant of the graph represents a combination of question attributes. Combining 

the attributes, each octant can be referred to as a question type, for example, the 

“future /conjectural/introspective” question type. Together, the three axes are 

termed the Moffitt Question Type Model (MQTM). 

 

Figure 8. A combined view of the context dependent question attributes.  
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2.7 Methodology 

As was stated in an earlier chapter, over one-hundred thousand law 

enforcement personnel have been trained on the BAI questioning technique. The 

current investigation utilized recorded interviews made available by a polygraph 

examiner in private practice. These interviews contained most of the BAI 

question types. The interviews were transcribed (see Appendix C for transcription 

guidelines) and then parsed using a document parsing GUI tool called the 

Question Type Identifier. The responses to each BAI question were extracted 

from the interview for analysis. 

The linguistic cues were extracted using Linguistic Inquiry and Word 

Count (LIWC) and SPLICE. SPLICE is a tool that is discussed in Chapter 3.  

LIWC is software that calculates word-type usages based on a compendium of 

psychosocial dictionaries (Pennebaker and Graybeal, 2001).  

Forty seven transcripts were identified that had sufficient ground truth for 

the study. Sufficient ground truth meant that the guilty suspect was deemed 

deceptive by the polygraph examination and was subsequently found guilty of the 

crime. Truthful subjects were completely exonerated. Twenty seven of the 

transcripts came from deceptive interviews while 20 of the transcripts came from 

interviews that were deemed truthful. BAI questions and other recurring 

questions were parsed from the transcripts and saved in individual files to ready 
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them for processing. Table 2shows the number of each BAI question type asked 

in the interviews. 

Table 2. BAI questions asked in the Slowik interviews and the 

number of times they were asked in the 47 transcripts by condition. 

 Response Count 

BAI Questions Deceptive Truthful 

Attitude 27 20 

Credibility 13 4 

Happened Before 22 19 

History 26 20 

Knowledge 6 5 

Motive 24 19 

Punishment 26 19 

Purpose 16 11 

Results Polygraph 27 18 

Think 26 19 

Tell Loved Ones 26 20 

Suspicion 13 11 

Other Questions   

Case Status 26 20 

Drinking 27 20 

Drugs 27 20 

Medicine 24 19 

Results DNA 15 13 

Results Video 9 9 

Why Accused 14 11 
 

  

The questions in the “Other” category were gathered for future research. The 

Results DNA and Results Video questions are similar to the BAI question Results 

Polygraph but were not included in the study. The Case Status question asked the 

interviewee what he or she believed the current status of the case was. The 

Drinking and Drugs questions asked about the interviewees’ illegal drug use and 
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drinking habits. The Medicine question asked what medication the interviewee 

was currently using. The Why Accused question asked the interviewees why they 

thought they were accused of the crime.  

Table 3. Generic Polygraph questions classified according to MQTM. 

Tense Abstractness Perspective 

Polygraph Questions Past Present Future Concrete Conjectural Extrospective Introspective 

1. Do they call you Scottie 
(Irrelevant/ known truth)   x   x   x   

2. Are you over 21 years 
of age? (Irrelevant)   x   x   x   
3. Did you steal John 
Doe's watch last Friday 
night? (Relevant) x     x   x   

4. Are you in Buffalo now? 
(Irrelevant/ known truth)   x   x   x   

5. Did you shoot John 
Doe last Friday night? 
(Relevant) x     x   x   

6. Besides what you told 
about, did you ever steal 
anything else? 
(Comparative i.e. control) x     x   x   

7. Did you ever go to 
school? (Irrelevant/ known 
truth) x     x   x   

8. Were those your 
footprints near John Doe's 
body? (Relevant/ 
Evidence connecting) x     x   x   

9. Do you know who shot 
John Doe? (Relevant/ 
Guilty knowledge)   x   x   x   

10. Did you ever steal 
anything from a place 
where you worked? 
(Comparative i.e. control) x     x   x   

 

Next, the BAI questions were classified based on the MQTM model (see 

Table 4). Eight of the questions were classified as past tense, six as present tense, 

and one as future tense. Nine of the questions were classified as concrete, and six 

were classified as conjectural. Three of the questions were classified as 

extrospective, and twelve as introspective. This is much different from a 
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traditional polygraph examination in which all of the questions are concrete and 

extrospective (see Table 3).



50 

 

Table 4 .Generic BAI Question wording classified according to MQTM. 

Tense Abstractness Perspective 

BAI Questions Past Present Future Concrete Conjectural Extrospective Introspective 

1. Purpose: Jim, what is your 
understanding of the purpose 
for this interview with me here 
today? 

 
x 

 
x 

  
x 

2. History: Did you start the 
fire? 

x 
  

x 
 

x 
 

3. Knowledge: Jim, do you 
know who started the fire?  

x 
 

x 
 

x 
 

4. Suspicion: Jim, who do you 
suspect started the fire? 

x 
   

x 
 

x 

5. Vouch: Jim, of the people 
who work at the warehouse, is 
there anyone you feel certain 
did not start the fire, where 
you could vouch for that 
person’s innocence? 

x x 
  

x 
 

x 

6. Credibility: Jim, do you think 
that someone did purposefully 
start this fire? 

x 
   

x 
 

x 

7. Opportunity: Jim, who 
would have had the best 
opportunity to start this fire if 
they wanted to? 

x 
   

x 
 

x 

8. Attitude: Jim, how do you 
feel about being interviewed 
concerning the fire? 

 
x 

 
x 

  
x 

9. Think: Jim, have you ever 
just thought about doing 
something to get even with the 
company? 

x 
  

x 
  

x 

10. Motive: Jim, why do you 
think someone did start the 
fire? 

x 
   

x 
 

x 

11. Punishment: Jim, what do 
you think should happen to 
the person who did start this 
fire? 

 
x 

 
x 

  
x 

12. Second Chance: Jim, 
under any circumstances do 
you think the person who 
started that fire should be 
given a second chance? 

 
x 

 
x 

  
x 

13. Objection: Jim, tell me why 
you wouldn’t do something 
like this? 

 
x 

 
x 

  
x 

14. Results: Jim, once we 
complete our entire 
investigation, what do you 
think the results will be with 
respect to your involvement in 
starting this fire? 

  
x 

 
x 

 
x 

15. Tell Loved Ones: Who did 
you tell about your interview 
with me today? 

x 
  

x 
 

x 
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To test the hypotheses that certain linguistic cues (listed below) will be 

elicited at different rates depending on the question type, questions extracted 

from the real-world criminal interviews were used. The question type for each 

interview question was identified (see Figure 9) and then grouped by question 

type for each test.  

 
Figure 9. BAI questions in the MQTM. 

 

Independent sample t-tests were run to test the differences in the usage of 

linguistic cues for each question type. Table 5 shows how the questions were 

grouped by question type for each test. For example, for the abstractness test, the 
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LIWC and SPLICE results from the conjectural questions were compared to the 

results from the concrete questions from the criminal interview dataset. Since 

many of the questions are closed-ended (could be answered with a simple “yes” 

or “no”) the analysis was conducted twice, once including the closed-ended 

questions and once not including those questions. The results did not vary much. 

This is probably because many of the closed-ended questions included follow-up 

questions that elicited more verbal data, or the interviewees volunteered more 

information than was initially asked for to explain their answer. Because the 

results did not vary much, the more conservative results from the analysis that 

included only open-ended questions are presented. The significant results 

reported were significant in both tests.  
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Table 5. The criminal interview questions aligned with question type for each test. 

Past Present Future 

  Vouch Attitude Results 

  Credibility Purpose 

   Suspicion Punishment 

 

  

 Motive Second Chance 

 

  

 Opportunity Objection 

 

  

 Think Knowledge 

 

  

 History 

  

  

 Tell Loved 

Ones 

  

  

 

     

     Introspective Extrospective 

 

Conjectural Concrete 

Vouch Knowledge 

 

Credibility Attitude 

Results History 

 

Motive History 

Credibility Tell Loved Ones 

 

Opportunity Knowledge 

Suspicion   

 

Results Objection 

Motive   

 

Suspicion Punishment 

Opportunity   

 

Vouch Purpose 

Attitude   

 

  Second Chance 

Purpose   

 

  Tell Loved Ones 

Punishment   

 

  Think 

Second Chance   

   Objection   

   Think   

    

2.8 Hypotheses 

In total, 5 tests were conducted: Past vs. Present, Past vs. Future, Present vs. 

Future, Real vs. Conjectural, and Introspective vs. Extrospective. For each test, a 

set of hypotheses was tested. For the tense tests the hypotheses were basic. Past 

tense questions should elicit responses about the past and therefore more verbs 

in the past tense. It was expected that present tense questions and future tense 
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questions would follow the same pattern. In summary, for the Past vs. Present 

test there are the following hypotheses: 

H1. Question tense affects response tense such that: 

(a) Past tense questions elicit higher rates of past tense verbs than future 

tense questions, 

(b) Future tense questions elicit higher rates of future tense verbs than 

past tense questions, 

(c) Past tense questions elicit higher rates of past tense verbs than 

present tense questions, 

(d) Present tense questions elicit higher rates of present tense verbs than 

past tense questions, 

(e) Present tense questions elicit higher rates of present tense verbs than 

future tense questions, and 

(f) Future tense question elicit higher rates of future tense verbs than 

present tense questions. 

 Introspective questions deal with information, knowledge, and feelings 

that can only be derived from an individual’s mind. In order to express one’s 

knowledge or sentiments, one would likely use words that describe the processes 

of the mind such as thinking, feeling, and knowing. Extrospective questions, on 

the other hand, ask about events that are observable by all. They can be seen, 

touched, smelt, tasted, or heard. Thus, in explaining external phenomena an 

interviewee would probably use words to describe a perception. In describing 



55 

 

 

what was perceived in extrospective questions, interviewees are likely to give 

details about space, time, and motion involved in the event. These constructs are 

captured in the LIWC category named relativity. Introspective responses, on the 

other hand, are more likely to describe feelings and emotional states. In sum, in 

the introspective tests there are the following hypotheses: 

H2. Question perspective affects responses such that: 

(g) Introspective questions will elicit higher rates of cognitive process 

words and affective words than extrospective questions, 

(h) Introspective questions will elicit higher rates of affective words than 

extrospective questions, 

(i) Extrospective questions will elicit higher rates of perception words 

than introspective questions, and 

(j) Extrospective questions will elicit higher rates of relativity words than 

introspective questions. 

 Concrete questions are those that ask about real things whether they be 

feelings, events, actions, or objects. Conjectural questions can also ask about 

feelings, events, actions, and objects but they are supposed rather than real. They 

are hypothetical, not fact. They are imagined, not experienced. Because of the 

characteristics of conjectural questions, they should contain language that depicts 

the activities of supposing and guessing. In addition, conjectural questions 

should elicit more auxiliary verbs, verbs that may indicate uncertainty. Along 

with that, conjectural questions should elicit more tentative language than 
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concrete questions and more non-fluency reflecting the uncertainty and difficulty 

of describing conjectural things. Concrete questions, on the other hand, should 

elicit more certainty language than conjectural questions because the response 

should discuss real things that need not be invented by the mind. In addition, 

responses to concrete questions should have higher expressivity, meaning a 

higher ratio of adjective and adverbs to nouns and verbs than conjectural 

questions (in other words, a higher ratio of modifiers). This last hypothesis works 

under the assumption that it is easier and more natural to describe things that 

are real rather than manufactured (Johnson, 1981). In sum, the abstractness tests 

test the following hypotheses: 

H3: Question abstractness affects responses such that: 

(k) Conjectural questions will elicit higher rates of auxiliary verbs than 

concrete questions, 

(l) Conjectural questions will elicit higher rates of non-fluency words 

than concrete questions, 

(m) Conjectural questions will elicit higher rates of cognitive process 

words than concrete questions, 

(n) Conjectural questions will elicit higher rates of tentative words than 

concrete questions, 

(o) Concrete questions will elicit higher rates of certainty language than 

conjectural questions, and 
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(p) Concrete questions will elicit higher rates of expressivity than 

conjectural questions. 

2.9 Results 

In the Past vs. Future test, the responses to questions that asked about the 

past were compared to the responses that asked questions about the future. 

Future tense questions elicited more future tense language (t(46)=4.90, p < .001) 

than past tense questions (see Table 6). 

In the Past vs. Present test, the responses to questions that asked about 

the past were compared to the responses that asked questions about the present. 

Present tense questions did elicit more present tense verbs (t(221)=1.79, p < .10, 

two-tailed) at a rate significant in a one-tailed test. There was no evidence of past 

tense verbs being used more in response to past tense questions.  

In the Present vs. Future test, the responses to questions that asked about 

the present were compared to the responses that asked questions about the 

future. In this test, the future tense question elicited a higher rate of future tense 

verbs (t(59)=2.96, p < .01) than the present tense questions.  

In the Introspective vs. Extrospective test, introspective questions elicited 

a higher rate of cognitive process words (t(68)=2.93, p < .01), a higher rate of 

affective terms (t(124)=2.39, p < .05. 

In the Conjectural vs. Concrete test, conjectural questions elicited more 

auxiliary verbs (t(172)=4.60, p < .001), more cognitive process words (t(181)=3.98, p 
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< .001), and more tentative language (t(196)=1.80, p < .1, two-tailed)  which is 

significant at the one-tailed level. 

 

Table 6. T-test results from comparing the major axes of the MQTM: Perspective, 

Abstractness, and Tense. 

Tests   Means SD 

Introspective vs. 

Extrospective 

Hypothesis Results E I E I 

Cognitive Processes I > E I > E** 13.95 19.72 14.31 11.98 

Affect I > E I > E* 3.55 5.76 9.96 4.77 

Perception E > I I > E** 0.80 2.19 5.80 1.78 

Relativity E > I I > E** 4.58 7.31 9.07 5.44 

Concrete vs. Conjectural   Cc Cj Cc Cj 

Auxiliary Verbs Cj > Cc Cj > Cc*** 9.97 16.08 8.87 21.45 

Non-fluencies Cj > Cc Cc > Cj ** 3.01 1.55 4.95 2.92 

Cognitive Processes Cj > Cc Cj > Cc *** 15.90 22.78 12.21 15.98 

Tentative Cj > Cc Cj > Cc^ 2.87 3.99 5.02 5.53 

Certainty Cc > Cj Cj > Cc * 1.40 4.24 3.69 11.65 

Expressivity Cc > Cj Cj > Cc 0.09 0.09 0.12 0.14 

Past vs. Present   Pa Pr Pa Pr 

Past Tense Pa >  Pr Pa > Pr 3.51 3.10 5.61 4.15 

Present Tense Pr > Pa Pr > Pa^ 11.97 14.18 13.18 9.96 

Past vs. Future   Pa F Pa F 

Past Tense Pa > F F > Pa 3.51 4.31 5.63 6.38 

Future Tense F > Pa F > Pa*** 0.56 4.89 1.68 5.86 

Present vs. Future   Pr F Pr F 

Present Tense Pr > F Pr > F 14.16 14.04 9.96 11.75 

Future Tense F > Pr F > Pr ** 2.10 4.89 3.87 5.86 

Note: I = Introspective, E = Extrospective, Cj = Conjectural, Cc = Concrete, Pa = Past, Pr = Present, 

F = Future. Two-tailed t-tests, *p < 0.05, **p < 0.01, ***p < .001, p <. 1^ 
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2.10 Discussion 

Overall the future tense verbs, or words indicating future tense (“will”, 

“shall”) were used much more in response to future tense questions than in 

response to past or present questions. Present tense questions were also used 

more in response to present tense questions than to past tense questions. The 

tense of the question did not have an effect on past tense verbs in the responses. 

The mixed results may reflect the difficulty of working with real world data and 

data where responses to follow-up questions are included. For example, a 

question may be asked in the past tense, and a follow-up question may change to 

a different tense. There appears to be enough evidence in the results of this test to 

conclude that the tense of the question does influence the tense of the verbs in the 

responses. 

As was hypothesized, introspective questions elicited more cognitive 

process words than extrospective questions. This result supports the idea that 

questions about one’s inner self elicit language related to the processes of the 

mind used to respond to the question. Introspective questions also elicited more 

affective language than extrospective questions. Affective language is used to 

describe feelings, both positive and negative, and would more consistently be 

associated with internal feeling states than external objects or events. Contrary to 

hypothesis, introspective questions elicited more perception language. In the 

LIWC dictionary, perception language includes words associated with the five 

senses: seeing, hearing, touching, tasting, and smelling. It was thought that 
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extrospective questions would have a higher rate of these types of words since an 

inherent quality of extrospective questions is that the object of interest can be 

touched, felt, smelt, tasted, or heard. Also contrary to hypothesis, introspective 

questions elicited more relativity language. Relativity language included words 

about time, space, and motion. Details of time, space and motion could be 

associated with events internal to one’s self, but it was thought that they would 

more consistently be associated with external events and objects. These contrary 

results call for more investigation into the ways that interviewees express 

themselves to introspective questions. It is possible that words like “feel” are used 

more with in response to introspective questions than in response to 

extrospective questions. For example, it is possible that for most questions 

interviewees respond more about how they feel emotionally than what they have 

felt with their hands. 

The results of the abstractness tests are mixed. As was predicted, 

conjectural responses had significantly higher rates of auxiliary verbs, cognitive 

process words, and tentative words. Contrary to hypotheses, concrete questions 

had a higher rate of non-fluencies and conjectural questions elicited a higher rate 

of certainty expressions. Concrete questions may have elicited more non-

fluencies for two reasons. The first reason is that it may have taken respondents 

more effort to give precise details about something that actually happened, 

sometimes years ago, than about something that did not happen. This cognitive 

effort would prompt the use of more non-fluent language perhaps through 
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restarts and corrections of details. This explanation would also serve as an 

explanation for why concrete questions did not have as much certainty language 

as conjectural questions. Respondents have been careful and conservative when 

describing actual events which happened sometimes years ago by being reluctant 

to use definite language. An alternative explanation is that the deceivers used 

more non-fluent language in response to concrete questions than in response to 

conjectural questions causing the average result to show that non-fluencies were 

used more during concrete questions.  

2.11 Detecting Deception along MQTM Dimensions 

An extended purpose of the MQTM could be to predict linguistic 

differences between truthful and deceptive responses for a particular question 

type. For example, do deceivers respond differently than truth tellers when asked 

conjectural questions and can these differences be detected with SPLICE or LIWC 

tools? For this part of the study, independent samples t-tests to detect differences 

between truth tellers and deceivers for each question type were conducted. For 

example, for all conjectural questions the responses from truth tellers and 

deceivers were compared. The benefit of this analysis will be to understand the 

deceptive behaviors by question type so that in future studies deceiver’s verbal 

responses can be predicted based on question type.  

Deception theories have long speculated that deceivers would be more 

non-immediate in their responses. Pronouns indicating the first person would 

indicate taking ownership of a situation while third-person pronouns would 
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indicate trying to distance oneself from a situation. However, for introspective 

questions the difference in responses may never appear as the interviewees are 

prompted to speak about themselves. Moreover, the response is unverifiable 

which should lower the barrier for a deceiver to speak about them self and make 

any assertion they feel might help their cause. Even in extrospective questions 

that are future-oriented and hypothetical one would expect deceivers to feel more 

comfortable displaying immediacy because the responses are less verifiable. If 

researchers are trying to detect differences in immediacy between truth tellers 

and deceivers, the best types of questions to ask would by those that are the most 

verifiable. 

Many deception theories agree that truth tellers will provide more details 

than deceivers. This can be true about past events and even future events if the 

plans have already been made. Truth tellers may even give more details in 

response to introspective and extrospective type questions. Questions about real 

topics will probably elicit more details from truth tellers. Conjectural questions 

may be a different story. In hypothetical questions the context and dynamics of 

the underlying situation are presented to the interviewee. It has been reported 

that in job interviews interviewees will come up with varying strategies to answer 

these types of questions (Huffcutt et al., 2001). Sometimes the respondents give a 

shallow response that does appropriately answer the question and sometimes the 

respondents will give a mountain of detail. It is interesting to note that responses 
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to these types of questions in job interviews for higher level positions are not at 

all predictive of job performance. 

2.12 Results 

For introspective questions, questions that ask about a person’s thoughts, 

feelings, or knowledge, deceivers used second person pronouns (t(264)=3.97, p < 

.001), non-fluencies (t(268)=2.81, p < .01), and interjections (t(291)=2.91, p < .05) at 

a higher rate than truth tellers (see Table 7). Truth tellers used relativity terms 

(t(215)=2.62, p < .01), terms that include details about motion, space, and time, at 

a higher rate than deceivers. 

  

Table 7. Results comparing the language of truth tellers and deceivers in each 

dimension of the MQTM. 

Tests Results Means SD 

Introspective  Truthful Deceptive Truthful Deceptive 

Second Person D > T*** 0.60 1.68 1.51 3.07 

Non-fluencies D > T** 1.31 2.79 2.99 5.89 

Relativity T > D** 8.93 6.08 10.05 7.76 

Interjections D > T* 0.02 0.04 0.05 0.06 

Extrospective      

Verb T > D* 14.03 8.03 16.42 9.47 

Concrete      

Second Person D > T* 0.56 1.14 1.50 2.87 

Non-fluencies D > T* 1.73 2.97 3.59 5.12 

Conjectural      

Second Person D > T** 0.58 1.71 1.29 2.98 

Interjections D > T* 0.02 0.04 0.04 0.06 

Perceptual Processes D > T* 1.19 4.23 14.95 16.22 

Past      

Second Person D > T** 0.41 1.07 1.11 2.39 
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Non-fluencies D > T* 1.28 2.50 2.80 5.99 

Present      

Second Person D > T* 0.87 1.90 1.89 3.77 

Interjections D > T* 0.02 0.04 0.03 0.05 

Future      

Cognitive Processes T > D* 28.43 16.50 14.78 13.89 

Future Tense T > D* 7.43 3.24 5.76 5.36 

Interjections D > T* 0.02 0.05 0.03 0.09 

Note:  D = Deceptive, T = Truthful, Two-tailed t-tests, *p < 0.05, **p < 0.01, ***p < .001 

 

For extrospective questions, questions that ask about the world outside the 

individual person, truth tellers used more verbs than deceivers (t(66)=2.19, p < 

.05). 

For concrete questions, questions that ask about real things, second 

person pronouns (t(241)=2.13, p < .05) and non-fluencies (t(264)=2.33, p < .05) 

were used at a higher rate by deceivers. 

For past tense questions, second person pronouns (t(191)=2.74, p < .01) and 

non-fluencies (t(191)=2.03, p < .05) were used at a higher rate by deceivers. Second 

person pronouns (t(115)=2.04, p < .05) were also used at a higher rate by deceivers 

in response to present tense questions. Cognitive process words (t(35)=2.72, p < 

.05) and future tense verbs (t(35)=2.46, p < .05) were used at a higher rate by 

truth tellers in response to future tense questions. 

2.13 Discussion 

The testing of the MQTM is susceptible to Type I errors because no multiple 

comparison procedures were implemented. This is true for both of the sets of 
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tests described in this chapter. However, the results still merit review and 

discussion. Future tests will validate the results. 

These tests show that the second person pronoun was used significantly 

more by deceivers for introspective, concrete, conjectural, past tense, and present 

tense questions. While there are several words in the second person pronoun 

dictionary, the word “you” specifically was used more by deceivers. After 

conducting a bi-gram analysis it was discovered that the usage term “you know” 

by deceivers caused this result. This same result was discovered when analyzing 

the questions one by one. 

The cause for the use of “you know” in deceptive responses could be 

explained by the deceptive condition of the interviewee. This may be a submissive 

act on the deceiver’s part in an attempt to ingratiate themselves with the 

interviewer by appearing passive, or accommodating. It may also be used by the 

interviewee to check on the status of the interviewer, the status being whether or 

not the interviewer believes what the interviewee is saying. In other words, saying 

“you know”, which has been described as a hesitation, may be a cue sent from the 

interviewee to the interviewer in order to get a reciprocal response such as a head 

nod, a “yes, I know”, or “mhm”. By continually saying words like “you know”, 

interviewees may be consciously or subconsciously checking the belief status of 

the interviewer. Another possibility is that “you know” is an indication of 

“powerless” speech. The two-word phrase “you know” has been characterized in 

past research as a manifestation of powerless speech. Powerless speech was first 
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identified as an important construct in courtroom settings. Powerless speech is a 

manner of speaking that contains certain linguistic forms including intensifiers 

(so, very), hedging language (sort of, I think), bookish grammatical forms, 

hesitations (uh, well, you know), certain questioning forms, and polite language 

(Erickson, Lind, B. C. Johnson, and O’Barr, 1978). According to Erickson et al. 

people who use powerless speech are in general viewed less favorably, are less 

attractive, and could be more difficult to understand although the context could 

change perceptions. Powerful speakers, on the other hand, speak in a more 

straightforward manner that increases the speakers’ attractiveness and 

credibility. Deceivers may be unknowingly engaging in powerless speech. A final 

explanation is that “you know” is less formal speech used by those with less of an 

education. Criminals, who make up the body of deceivers, are generally less 

educated. 

Non-fluencies were used more by deceivers than truth tellers, especially in 

the introspective questions. In the extrospective questions, there was no 

difference in non-fluencies. This supports the notion that in face to face 

interviews, deceivers face a higher level of cognitive load as they attempt to 

invent stories, cover up and twist facts, and tell half-truths in order to mislead the 

interviewers. Truth tellers, on the other hand, do not face this challenge as they 

are simply tasked with re-telling events and give their honest opinions in order to 

convince the interviewer. 
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In the future tense question truth tellers used more language describing their 

cognitive processes and more future tense verbs. Truth tellers also used more 

relativity language than deceivers in introspective questions. Relativity language 

is related to the amount of details given. Relativity is a construct composed of a 

collection of motion, space, and time terms. Thus, in future studies one might 

predict in a context similar to this one that truth tellers will give more details to 

introspective questions than deceivers. 

2.14 Conclusion 

Future research could look at the interaction between the axes of the 

MQTM. For example, the verifiability of a question refers to the potential for the 

interviewer to verify the responses of the interviewee. Using the axes of the 

MQTM, the verifiability of questions can be assessed (see Figure 10). Along the 

Tense axis, questions that ask about the present and past are more verifiable that 

questions about the future because the future has yet to occur and cannot have 

any witnesses. It is worth noting that along the tense axis the verifiability 

becomes greater as the question type approaches the middle of the axis which 

represents the present since more recent events should be more accessible than 

events further from the present.   
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Figure 10. Verifiability in the MQTM. 

 

Along the perspective axis, extrospective questions are more verifiable than 

introspective questions. The thing being asked about in introspective questions 

exists within the mind of the interviewee and details about it cannot be accessed 

or observed by anyone else. Along the abstractness axis, concrete questions are 

more verifiable than conjectural questions since concrete things actually exist 

and conjectural things do not exist. Thus, the most verifiable questions are 

concrete, extrospective, and in the past/present. The antithesis of verifiability is 

non-verifiability, or the unknowable. Conjectural questions, questions about the 

future, and introspective questions are the most unverifiable.  
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3 SPLICE 

3.1 Introduction 

Structured Programming for Linguistic Cue Extraction (SPLICE) is a 

research tool for linguistic analysis. SPLICE processes ordinary text files and 

returns values descriptive of the text such as the total number of words, average 

word length, and average sentence length. It can also calculate part of speech and 

tense usage and statistics for psychosocial dictionaries. SPLICE can calculate over 

60 values describing text. Many more linguistic cues will be analyzable in the 

future. SPLICE fills a need for an easy-to-use, web-based linguistic analysis tool. 

Like most tools of this kind, SPLICE analyzed text files (only .txt files) and 

returns values in a matrix of filenames and linguistic cues. Unlike most tools, 

SPLICE has two separate interfaces. The interface that most researchers will use 

is a simple web-based GUI for uploading text, checking the cues that will be 

analyzed, and saving a results file that is in a comma separated value format. The 

second interface is a web service that allows the program to be called through 

most programming languages. It is more appropriate for applications that need 

to process hundreds or thousands of files, files larger that 1 MB in size, and 

applications built for real-time analysis of text. Both interfaces require a 

connection to the internet and.  
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3.2 Natural Language Processing and Applications 

Natural Language Processing (NLP) is a research area that focuses on using 

computing power to process natural language text (Zhou, Burgoon, Nunamaker, 

and Twitchell, 2004). NLP can be used to identify a variety of linguistic cues that 

then act as variables for statistical analyses or machine-learning algorithms. Both 

statistical and data mining techniques have been used to classify and predict 

deception using linguistic cues in non-financial related documents (Fuller, Biros, 

and Delen, 2008; Hancock, Curry, Goorha, and Woodworth, 2008). A careful 

analysis of textual features should reveal which linguistic cues discriminate 

documents containing deceit from truthful documents. 

SPLICE has the ability to calculate cues based on natural language 

processing techniques. It relies on the natural language toolkit (NLTK), open 

source Python modules written for natural language processing text analytics 

tasks, to compute many of its variables. NLTK’s part of speech tagging function is 

instrumental in calculating the Part of Speech Cues, the Immediacy cues, and the 

Tense cues.  

3.3 SPLICE Interface 

SPLICE was built to be accessible. The API requires little extra knowledge to 

implement into a SPLICE application for those familiar with web programming. 

The sample code (less than 10 lines in Python) provided on the SPLICE 
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homepage is ready to be executed by any novice programmer. For those not 

wanting to program, the tool has been implemented as a GUI. 

3.4 Architecture 

The two main components of SPLICE are the SPLICEngine and the plugins. 

Plugins are the logic and code behind the calculation of each linguistic cue. The 

SPLICEngine communicates with the plugins and the web server.The philosophy 

behind SPLICE is that plugins should be easily developed and integrated into the 

core program. How this is achieved is described in more detail below. 

SPLICE does not strictly follow the conventions of RESTful web services. 

Instead it is a custom web service that allow for interoperable computer 

communication over a network.  

3.4.1 Plugins 

Plugins calculate the values that SPLICE users are interested in retrieving 

from their text. The SPLICEngine interacts with the plugins through a dynamic 

import function. Each time SPLICE is rebooted, the SPLICEngine runs a lambda 

function that imports plugins that have the proper naming convention. Because 

of this function it is easy to add plugins to SPLICE.  

3.4.1.1 Plugin development  

SPLICE plugins were designed to be easy to write and simple to integrate 

into the existing set of SPLICE plugins. To ensure that plugins are easy to write, 
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each plugin implements a standard interface. The interface requires that certain 

information is passed into the plugin from the SPLICEngine including the text to 

be analyzed, and general features of the text that can be used to calculate the 

plugin value such as the number of words in a document. Each plugin is required 

to return a dictionary object named ‘plugindict’. A blank plugin template is the 

starting point for writing any new plugin. It already has the code for 

implementing the interface and returning the dictionary object. The only changes 

that need to be made to make the plugin function are to give the dictionary object 

one key and one value, and rename the plugin according to the appropriate 

convention. 

The naming convention of the plugin is essential for helping the 

SPLICEngine recognize it and implement it whenever SPLICE is rebooted. After 

the SPLICEngine identifies plugins based on their name, a special lambda 

function dynamically imports the plugin modules. Because of this, a plugin need 

only be named correctly and placed in the same directory of the SPLICEngine in 

order to be recognized as a plugin and integrated into the program. 

3.4.1.2 File attributes 

File attributes in SPLICE are linguistic cues that are automatically passed 

on to each plugin by the SPLICEngine for development purposes. For example, 

the “number of words” is given to each plugin since they are used in many 

plugin’s respective algorithms. Table 8 shows which cues are part of the file 

attributes dictionary made available to plugins. 
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Table 8. Attribute cues available to each SPLICE plugin. 

numChars 
numCharsMinusSpacesAndPunctuation 
numWords 
numSentences 
avgWordLength  
avgSentenceLength  
numSyllables  
avgSyllablesPerWord  
numWordsWith3OrMoreSyllables  
rateWordsWith3OrMoreSyllables 
numWordsWith6OrMoreChars 
rateWordsWith6OrMoreChars 
numWordsWith7OrMoreChars 
rateWordsWith7OrMoreChars 

3.4.1.3 Plugin code 

Figure 11 gives the precise Python code needed to develop a plugin for 

SPLICE. Line 1 is the import statement for the interface that will be implemented. 

Line 3 defines the plugin class and implements the interface named “Interface” 

that forces each plugin to follow a standard format namely having a function 

called process with three parameters and a dictionary object called pluginDict 

that is returned. The process function is defined in line 5 with three parameters. 

The rawText parameter contains the text to be analyzed while the fileAttributes 

parameter is a dictionary object with values from the text file. One such value is 

“numWords” and it is placed in a function variable in line 7. The pluginDict that 

will be returned is instantiated in line 9. Line 11 is a placeholder for the code that 

will put values into the pluginDict. Line 13 returns the pluginDict values to the 

SPLICEngine. 
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Figure 11. Plugin development code. 

3.4.2 SPLICEngine 

The SPLICEngine handles communication between the plugins and the 

web server. The web server communicates with the SPLICEngine via HTTP GET 

or POST requests. Using the GET requests allows the text and parameters to be 

passed directing through the URL. POST requests allow longer text files and data 

other than text to be transmitted. The SPLICEngine collates the results from the 

plugins and transmits them back through the web server to web applications. 

The SPLICEngine also calculates descriptive linguistic cues that are passed 

to each plugin for use. These cues include the total number of words and 

sentences, average word length, and average sentence length. 
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Figure 12. The SPLICE Architecture. 

 

The SPLICE architecture (see Figure 12) is built of three main modules: the 

web client, the web server, and SPLICE itself. The web client consists of any 

interface written to interact with SPLICE through HTTP. Currently, the SPLICE 

website, splice.cmi.arizona.edu, has a GUI web client that allows for interaction 

with SPLICE. However, this is not the only way to interact with SPLICE, neither 

is it the most efficient way. For example, a custom program can interact with 

SPLICE through the web server in a speedier and much more automated fashion. 

The GUI is a SPLICE application that allows a point and click interface. 

Regardless of the type of web client, the names of the cues and the text to be 

analyzed must be passed through to the web server. The web server is 
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middleware that hands the cue names and text off to SPLICE. The SPLICEngine 

receives the cues and text, passes the text to the appropriate plugins, and then 

receives values for each cue requested by the web client. Depending on the web 

client needs, SPLICE then send XML or CSV back to the web server which is 

passed along to the client. 

3.5 SPLICE Applications 

SPLICE applications are computer programs that incorporate the SPLICE 

API into its code. This section will describe two SPLICE applications. The SPLICE 

GUI and HomeSplice are two splice applications available on the SPLICE 

website.  

The SPLICE GUI  (see Appendix B for screenshots) is a point and click 

interface GUI that allows for researchers to upload text files for analysis without 

having programming language knowledge. The interface allows for the 

simultaneous upload and evaluation of text files. It also allows that user to select 

with cues to extract from the documents. A ‘check all’ button selects all of the 

cues at once. After the files are uploaded, a dialog prompts the user to save or 

open a comma separated value (CSV) file. CSV files are text files that can 

imported into spreadsheets and statistical software.  

HomeSplice is an application built on SPLICE that compares portions of 

text delimited by  “<text></text>” tags. Like the SPLICE GUI, cues to be 

analyzed and compared can be selected with their associated check boxes. 

HomeSplice then compares the texts to each other and produces colored bar 
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charts using the Google Charts API. For example, text segments with more words 

will have higher bars in for the numWords cue. HomeSplice demonstrates how 

SPLICE can be used beyond extracting data for each cue. 

3.6 Comparison to Existing Tools 

SPLICE is a tool that extracts linguistic cues comparable to other tools that 

serve similar functions. However, SPLICE does have advantages that might make 

it preferable in certain situations including its ease-of-use and ready access to 

over 60 linguistic cues (see Appendix A). Below, Linguistic Inquiry and Word 

Count (LIWC) and GATE (General Architecture for Text Engineering) are 

discussed and compared to SPLICE.  

LIWC is a tool that incorporates 73 language dimensions principally 

calculated from psychosocial dictionaries. Psychosocial dictionaries are lists of 

words (usually unigrams) that have at least one meaning related to the construct 

under which they are listed. The lists are used to calculate values that correspond 

to each construct. For example, the sentence “I would like to eat in the kitchen”, 

has two words related to food. Stated otherwise, 25% of the words are food 

words. Psychosocial dictionaries can help in calculating the valence of their 

corresponding language dimension in a straight-forward manner. There are 

several limitations to this approach: many unigrams have more than one 

meaning that does not relate to their associated psychosocial dictionaries, 

psychosocial dictionaries are rarely comprehensive, and seemingly unrelated 

dictionary will be correlated because of the multiple meanings in words.  
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GATE offers more services and flexibility for user development than LIWC 

and SPLICE and it is targeted toward researchers and enterprise solutions. For 

researchers, it requires a free download and is run off of the host computer. 

While SPLICE requires no previous knowledge or training to run, a new user to 

GATE might require at least an hour of tutorials in order to run the tool. 

Developing for GATE will take even longer since it implements its own computer 

language. Since everything is run locally unlike SPLICE, GATE (like LIWC) add-

ons can be developed locally by anyone. 

3.7 Conclusion and Future Plans 

Because of SPLICE’s versatility, it can serve as the platform for calculating 

and returning almost any linguistic cue. Thus, there are plans to integrate more 

linguistic cues. Below is discussed two future capabilities of SPLICE: Document 

term matrices and Stemming. 

Document term matrices contain a vector of unigrams for each document 

analyzed. Each word is treated as a vector component for each document 

analyzed. Related to document term matrices are lexical bundles. Instead of 

unigrams, lexical bundles are typically defined as 4-grams that occur at a pre-

specified rate. The advantage of lexical bundles over unigrams is that they 

provide more context and meaning. Thus, the results should be more precise 

(there are fewer meanings for an individual lexical bundle than for an individual 

word) and for the same reason, easier to interpret and relate to theory. A lexical 



79 

 

 

bundle analysis would return a document phrase matrix, giving a count of each 

bundle for each document. 

The second capability that will be built into SPLICE is stemming. Stemming 

cuts off the stem of a word leaving only its root. In some analyses it might be 

preferable to treat every variation of a single word or root as equivalent. 

Stemming makes this very easy to do by removing suffixes. For example, a 

stemmer might convert the words, “happy”, happier”, and “happiness” to the root 

“happ” so that the words are treated the same. Stems make it easier to form 

psychosocial dictionaries. Instead of adding each variation of the word “happy” to 

the dictionary, only the root need be added. Currently LIWC hard codes the 

stems.  It is important, however, to know which stemming algorithm you are 

using before adding a stem to a dictionary since different methods may yield 

different results.  
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4 NEW TOOLS FOR AUDITORS 

4.1 Introduction 

The previous chapters have discussed and shown how linguistic analyses 

can be helpful in discriminating between truthful and deceptive interviews. 

Another application could be to help auditors assess fraud risk of corporations. 

In the 2009 KPMG Fraud Survey, approximately two thirds of the senior 

executives who were surveyed indicated that fraud and misconduct were 

significant risks within their industry.  According to senior executives in 

industries such as consumer markets, misappropriation of assets was perceived 

as the most significant risk to their organization.  These senior managers were 

most concerned about loss of public trust as the impact of fraud and misconduct 

in addition to the direct costs.  According to an earlier Fraud Survey (KPMG, 

2003), companies responded to the increased rate and expense of all fraudulent 

activities by taking proactive steps to protect themselves including strengthening 

internal controls, creating employee hotlines, and instituting fraud awareness 

training. However, these critical steps may not be enough to thwart fraud risks.  

As a result, the executives believed that they would need to call upon external 

advisors, such as external auditors, to identify fraud risks via leveraging 

technology (KPMG, 2009). Thus, there is a critical need for new automated tools 
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that can augment auditors’ ability to detect fraud risk in general and in financial 

statements in particular.  

Auditors of corporate financial documents (e.g., Annual Reports, 

Presidents’ Letters to Shareholders, 10-Ks, 10-Qs) seek credibility, transparency, 

and clarity in corporate financial documents as they evaluate fraud risk.  Though 

many audit techniques focus on examining the numeric data, the texts of 

financial statements should not be ignored.  Because financial statements can be 

complex and cumbersome (Courtis, 1998; Rutherford, 2003), evaluating fraud 

risk in these types of documents can be especially difficult.  Formal, technical, 

complicated language can be used either inadvertently or intentionally to 

obfuscate the true financial state of companies. Authors of financial documents 

may use nominalization and passivization of technical material unconsciously 

because they have been trained to try to control information flow (Billig, 2008). 

Executives at Enron had a different rationale, strategic misrepresentation, for 

adding excessive complexity and convolution to its financial reports.   

To “level the playing field” with respect to readability and comprehensibility 

of financial reports filed with the SEC, the SEC published guidelines to help 

companies construct these documents using “plain English” (U.S. Securities and 

Exchange Commission, 1998). One of the documents which should be written 

according to these “plain English” proscriptions is the Form 10-K, a corporate 

annual report mandated by the Securities and Exchange Act of 1934. The 10-K 

contains the Management’s Discussion and Analysis (MD&A), Items 7 and 7a.  
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The MD&A, supported by quantitative analysis, includes written descriptions of 

the current and future financial condition of a firm and a broader picture of the 

overall industry.  Because the content of the MD&A is largely unregulated and it 

is in text format, it is not examined in the same way as other sections of the 10-K 

by auditors.  As a relatively “free format” section of the 10-K, the MD&As offer an 

unusual chance to peek at the most up-to-date ideas of top management in a 

company.  Thus, these documents are valued and studied not only by investors 

but also by professional and academic researchers in Accounting, Management 

and Communications.   

Researchers (Baker and Kare, 1992; Courtis, 1986; M. J. Jones, 1988; Li, 

2008; M. Smith and R. Taffler, 1992a; Malcolm Smith and Richard Taffler, 

1992b; Subramanian, Insley, and Blackwell, 1993) have studied the relationship 

between readability and/or obfuscation and earnings persistence, corporate 

profits, sales, return on equity, and ‘good’ vs. ‘poor’ performance. Though 

investors often turn to the text sections, such as the MD&A, for guidance (Tavcar, 

1998), there has been a lack of research on how financial statements can be 

classified as a fraud risk based on written cues, such as those that would indicate 

obfuscation.  Thus, scholars (Cole, 2005) have called for additional research in 

that area to develop tools that can augment the type of financial analyses that 

auditors commonly perform.  

Building on previous research that identified linguistic cues indicating 

deception in MD&As (K. Moffitt and Burns, 2009), an investigation was 
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conducted in which classification algorithms were used to distinguish fraudulent 

and non-fraudulent texts. This study contributes to the streams of research in 

deception detection, fraud detection in financial statements, and auditing tools. 

The rest of this chapter describes theories of and prior research in obfuscation in 

financial statements, fraud, , deception detection, and auditing tools; presents the 

research question; explains the methodology; examines the results; and discusses 

the findings. 

4.2 Obfuscation 

To explain why authors of financial statements opt for complicated 

language as a tactic to inflate stock prices or increase bonus pools, accounting 

researchers have proposed theories and hypotheses, including signaling and 

agency theories (Smith and Taffler, 1992a), the Incomplete Revelation 

Hypothesis (Bloomfield, 2002), the obfuscation hypothesis (Courtis, 1998), and 

the management obfuscation hypothesis (MOH) (Li, 2008). To predict that 

managers would obscure bad news at the same time as highlighting good news, 

researchers have turned to two theories that underlie the hypotheses:  agency 

theory (Abrahamson and Amir, 1996; Abrahamson and C. Park, 1994; Aerts, 

2005; Rutherford, 2003; Smith and Taffler, 2000) and signaling theory 

(Rutherford, 2003; and Taffler, 2000).  Consistent with the Incomplete 

Revelation Hypothesis, managers may obscure bad news in the footnotes even as 

they draw attention to good news in other parts of the 10-K.  A manager 

deliberately can make parts of financial reports more confusing to conceal bad 
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news while emphasizing good news, in accordance with obfuscation hypotheses. 

Thus, obfuscation, which can be employed strategically to increase both the 

financial compensation of top management and the overall value of an 

organization, should be investigated by auditors as an indicator of fraud and 

deception.  

4.3 Management Obfuscation Hypothesis 

10-Ks and MD&As are inherently difficult to read. However, according to 

the management obfuscation hypotheses, MD&As that contain bad news should 

be even more difficult to read. The Management Obfuscation Hypothesis (MOH) 

states that if management desires to delay market response to bad news then it 

will have an incentive to obfuscate, or dissimulate the information. In other 

words, when companies perform poorly, management has an incentive to cover 

up this poor performance to delay stock price reaction by decreasing the 

readability (Li, 2008) of their annual reports. MOH is an extension of 

Bloomfield’s Incomplete Revelation Hypothesis (Bloomfield, 2002) that states 

that although information that is more costly to extract, that process will not be 

reflected immediately in market prices. Therefore, management can delay stock 

price reaction by obfuscating financial reports which are more costly to analyze. 

Managers of poorly performing companies wish to hide negative information by 

decreasing readability of financial reports. Longer sentences and longer words 

are a surrogate measure for complexity and should occur when fraud is present.  
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Therefore, the inputs to the classification algorithms included linguistic cues for 

complexity as an indicator of deception in MD&As.  

4.4 Fraud 

Fraud is a strategic misrepresentation intended to deceive, whether by 

omission of facts or by misleading disclosures, actions, or statements. An 

essential aspect of fraud is that the victim is legally injured due to reliance upon 

the deceptive actions and/or statements of the defrauder.  According to 

Loebbecke et al. (Loebbecke, Eining, and Willingham, 1989), three conditions are 

generally present when corporate fraud occurs: (1) there is great incentive for 

management or employees to commit fraud, (2) an inadequacy of internal 

controls gives employees, including management, the opportunity to commit 

fraud, and (3) those involved with the fraud have an attitude that allows them to 

commit fraud. This attitude is a personal characteristic that should give 

perpetrators of fraud a downwardly biased assessment of the likelihood of being 

caught (Summers and Sweeney, 1998). At the highest levels of an organization, 

this assessment could lead to imprudent use of language or intentional 

obfuscation when constructing financial statements. 

Financial reporting fraud, also referred to as management fraud (Elliot and 

Willingham, 1980) is a type of fraud that adversely affects stakeholders through 

misleading financial reports. The most common types of management fraud are 

overstating revenues, understating expenses, overstating inventory, and delaying 

recognition of a loss (DeChow, Sloan, and Sweeney, 1996). Each of these types of 
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fraud is reflected in financial data included in corporate financial statements 

released quarterly and annually. Traditionally, auditors are trained to detect 

financial statement fraud based on analyzing quantitative, not textual, data.  For 

this reason, much past research has focused on analyzing the numbers found in 

financial reports for inconsistencies and anomalies that might indicate fraud 

(Beneish, 1997; DeChow et al., 1996; Lee, Ingram, and Howard, 1999; Summers 

and Sweeney, 1998) as well as concentrating on developing tools to help auditors 

analyze the quantitative data.  

4.5 Deception Detection 

Many theories, models, and constructs inform the research into fraud 

detection, but this study has focused on the following with respect to discovering 

deception in financial statement texts:   MOH (described previously in the 

Obfuscation section), Interpersonal Deception Theory (IDT) (Buller and Burgoon 

1996), Four Factor Theory (FFT) (Zuckerman et al., 1981), Non-Immediacy (NI, a 

construct only) (Mehrabian and Wiener, 1966), and Theory of Deception (TOD) 

(Johnson et al., 1993a). 

4.5.1 IDT 

Although Interpersonal Deception Theory (IDT) is mainly concerned with 

“deceptive interchanges dyadic and dialogic”, the authors of IDT give many 

insights into how deceivers will behave when communicating in non-interactive, 

asynchronous settings, such as via text in financial statements. Two important 
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assumptions of IDT are that deception is strategic and that deceivers want to 

minimize responsibility for their deceit if the deceit is discovered. This is 

especially important in the context of financial statements for which the CEO and 

senior executives are personally held responsible by the SEC and Federal 

Government. IDT notes that deceivers and truth tellers alike try to manage their 

image, but companies engaged in fraud will be more likely to portray their 

company in a more positive light than is warranted. Non-fraudulent companies 

will be more willing to fully disclose negative information about their company if 

it is warranted. Finally, IDT notes that past research on non-interactive deception 

shows deceivers reduce specificity, use non-immediate language and inclusive 

terms. The linguistic cues culled from the MD&As highlighted these techniques 

that add ambiguity to statements and diffuse responsibility.  

4.5.2 FFT 

Four Factor Theory describes the four processes or factors (Attempted 

Control, Arousal, the Affective Approach, and Cognitive Factors) that influence 

deceivers’ behaviors. Of interest to the analysis is the third factor, the Affective 

Approach.  Due to the emotions of guilt and anxiety that deceivers experience at 

the time of deception, deceivers will use more non-immediate language to 

disassociate themselves from the guilt induced by the deception.  
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4.5.3 NI 

Non-Immediacy refers to the attenuation of directness and intensity of a 

message in verbal communication. Non-immediate words distance the sender of 

the message from the contents of the message. Deceivers tend to use non-

immediate language to reduce accountability for the contents of the message and 

to dissociate themselves from negative feelings such as guilt, remorse, and fear 

that are often present at the time of deception (Mehrabian and Wiener, 1966; 

Zhang and L. Zhou, 2004; Zuckerman, B. M. DePaulo, and Rosenthal, 1981b). 

The analyses of 10-Ks include cues for non-immediacy:  tense usage (deceivers 

will speak in the past or future tense while truth tellers will speak to the present), 

and pronoun usage (deceivers will use impersonal pronouns while truth tellers 

will use personal pronouns).  

4.5.4 TOD 

The Theory of Deception, which describes both deception and deception 

detection, is framed around the cognitive processes of a deceiver and a target 

whose goals are not congruent (Johnson, Stefano Grazioli, et al., 1993a; Johnson, 

Grazioli, Jamal, and Berryman, 2001; Johnson, Grazioli, Jamal, and Zualkernan, 

1992).  The deceiver strategically aims to manipulate both what the target 

cognitively perceives and his/her subsequent behavior.   While processing 

information provided by the deceiver, the target goes through a series of cognitive 

processes to sort out misleading data from truthful data. In contrast to IDT that 

describes a wide variety of dyadic deceptive exchanges, the Theory of Deception 
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primarily includes deceptive interactions with low familiarity, or interpersonality, 

and low interactivity, or dynamicism.   Thus, the Theory of Deception fits 

especially well with written documents, such as financial statements, that are 

presented to a target asynchronously. Johnson et al. identified seven techniques 

(Masking, Double Play, Mimicking, Dazzling, Inventing, Repackaging, and 

Decoying) that could be used to trick a target, such as an auditor or investor 

reading financial statements.   

Included in the Theory of Deception is a model of four processes 

(Activation, Deception Hypothesis Generation, Hypothesis Evaluation, and 

Global Assessment) that explains how targets determine whether information 

sent by the deceiver is deceptive.  Tested empirically in the auditing (Johnson et 

al., 2001) and Internet-shopping (Grazioli, 2004) domains, this model is more 

suited to developing an expert system to discern deception rather than using 

specific linguistic cues to classify fraud.   

In sum, these theories and methods provide a framework for understanding 

strategic and non-strategic deceptive behaviors of deceivers. As shown in Table 1, 

TOD, NI, MOH and IDT derive their propositions and hypotheses by focusing on 

deception as an intentional, strategic act. FFT focuses on the unintentionally 

leaked cues during deceptive behavior. These approaches are not mutually 

independent since strategic behaviors are susceptible to leakage like any other 

behavior. Indeed, MOH and IDT posit the existence of leaked cues. All of the 

theories posit that deceivers and truthtellers exhibit different verbal behavior. In 
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addition, IDT and FFT address kinesic and vocalic behavioral differences as well 

as differences in facial expressions. Table 9 summarizes theses similarities and 

differences between the methods and theories. 

 

Table 9. Summary of deception detection theories and methods 

Theories/ 

Methods 

Theoretical Foundation: Indicators of Deception: 

Strategic 

Deception 

Leaked 

Cues 

Verbal 

Cues 
Non-verbal cues 

MOH X   X   

IDT X  X X X 

FFT   X X X 

NI X  X  

TOD X  X  

4.6 The Role of Tools to Aid Auditors in Detecting Fraud 

To make audit processes more effective, the American Institute of Certified 

Public Accountants’ (AICPA) Auditing Standards Board released Statement on 

Auditing Standards (SAS) No. 99 in 2002.  SAS 99 (AICPA, 2002) identifies three 

ways Financial Fraudulent Reporting can be committed by overstating earnings 

or understating losses: 1) supporting documents can be altered, falsified, or 

manipulated, 2) significant events or transactions can be misrepresented or 

omitted from financial statements, and 3) accounting principles can be 

intentionally misapplied.  In the MD&A, fraud would be perpetuated by 

presenting a false version of past performance and an unrealistic outlook for the 

future, misrepresenting the significance of key events, omitting significant facts, 
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and/or providing misleading information about the current health of the 

company.  

SAS 99 gives guidance to auditors for fulfilling their responsibility of 

ensuring that financial statements are free from material misstatements “whether 

they are caused by error or fraud” (AICPA, 2002). Loebbecke et al. (Loebbecke et 

al., 1989) make the distinction between errors and fraud, aka irregularities. 

Errors are not purposefully concealed which should make them more 

discoverable by auditors. When financial statement errors are detected, they are 

reported routinely to management and fixed immediately. In contrast, purposely 

concealed irregularities are more difficult to discover. When auditors interview 

managers about irregularities, managers are forced to lie to perpetuate the 

concealment.  

Since irregularities are difficult to detect and it is not in management’s 

interest to reveal them to an auditor’s questions, an auditor’s best strategy may 

be to assess the likelihood, or risk of irregularities. Unfortunately, assessing risk 

is a non-intuitive, humanly-biased, cognitively difficult task. Because managerial 

fraud happens so infrequently, most auditors have little direct experience with it 

and are ill-trained to detect it (Fanning, Cogger, and Srivastava, 1995). 

Behavioral accounting researchers (Eining, Jones, and Loebbecke, 1997; Pincus, 

1989; Zimbelman, 1997) report the difficulty auditors have synthesizing large 

amounts of information properly when predicting engagement risk.   
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Risk assessment can improve with experience, knowledge, training, 

reasoning skills, and tools (Loebbecke et al., 1989). Without adequate exposure to 

certain cues that indicate fraud, it can be difficult for auditors to develop their 

own heuristics to discern problems in financial statements. To mitigate this 

problem, the AICPA suggests the use of tools, or Analytical Procedures (APs), for 

auditing (AICPA 1988). APs are methods used to understand a company’s profile, 

performance, and engagement risk. According to SAS 56 (AICPA 1988), APs 

“range from simple comparisons to the use of complex models involving many 

relationships and elements of financial and non-financial data”. Any 

computational tool, including statistical modeling and machine learning 

algorithms, used to understand a company’s profile as well as its engagement 

risk, uses APs. As required by SAS 56, and in order to increase the effectiveness of 

an audit, auditors are required to perform APs in the planning, testing, and 

review stages of the audit. In the planning stage, APs assist auditors in 

determining the nature, timing and extent of the audit.  

In the planning stage it is especially important for auditors to use APs to 

determine areas of the business where risks of errors and irregularities are high. 

An accurate initial determination of risks in the planning stage of the audit is 

critical to carrying out an effective and efficient testing and review stages of the 

audit.  
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APs are used in the testing stage to obtain evidence about management 

assertions regarding account balances and transactions. Finally, APs help 

auditors obtain an overall review of the company in the final stage of the audit.  

One relatively straightforward AP for assessing risk is a checklist for red 

flags populated with predefined risk areas:  the more boxes that are checked, the 

higher the engagement risk. Through organization and presentation, checklists 

should make it easier for auditors to support their qualitative risk assessment 

decisions. Nevertheless, research (Eining et al., 1997) has found that auditors 

who used checklists performed no better than unaided auditors.  

Therefore, in today’s financial reporting environment, both the increased 

volume of financial data and the need for timely analyses require efficient, 

automated techniques to augment auditors’ manual approaches.  Recently, 

advances in computer classification techniques have enabled researchers and 

audit experts to use various types of data mining techniques to highlight possible 

instances of computer fraud.  There are several key types of data mining which 

can be used against a variety of data types:  a) Associative Rule Mining, often 

referred to by Market Basket Analysis, which reveals patterns of data items that 

occur frequently together;  b)  Classification and Prediction, which discovers a set 

of common cues or features that can discriminate among classification 

categories;  c)  Cluster Analysis, which slices a data set into smaller clusters that 

contain similar data items;  and d) Sequential Pattern and Time-Series Mining, 
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which looks for relationships among data that occurs in succession (Han and 

Kamber 2001). 

Classification data mining techniques, e.g. Artificial Neural Networks 

(ANNs), have shown promise in aiding auditors correctly classify the risk of audit 

engagements and detect management fraud (Fanning and Cogger, 1998). ANNs, 

used to detect fraud in many domains, have proved to be cost effective tools 

(Phua, Lee, Smith-Miles, and Gayler, 2005).  

Key advantages of statistical and machine learning tools are that they 

eliminate human bias in decision making and consistently weigh and combine 

risk factors. Furthermore, adopting statistical and machine learning tools can 

mitigate the natural conflict that exists between the goal of audit effectiveness 

and the market pressures to attain audit efficiency (Green and Choi, 1997). When 

auditors fail to correctly assess risk initially, both audit efficiency and audit 

effectiveness suffer. Assessing engagement risk too low will reduce audit 

effectiveness by increasing the chance of undetected fraud while assessing 

engagement risk too high will reduce audit efficiency with unnecessary tests and 

costly investigations. Using a tool during the planning stage of the audit to 

properly assess risk should boost both audit efficiency and audit effectiveness. 

To date, researchers (Calderon and Cheh, 2002; Fanning and Cogger, 1998; 

Gaganis, Pasiouras, and Doumpos, 2007; Kirkos, Spathis, and Manolopoulos, 

2007; Kotsiantis, Koumanakos, Tzelepis, and Tampakas, 2006; Kovalerchuk and 

Vityaev, 2005; Spathis, 2002) and auditing professionals have applied data 
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mining techniques to quantitative financial data to identify patterns of 

manipulation.  The texts that accompany the financial data in 10-Ks, annual 

reports, etc., largely have been overlooked in this type of data mining.  This is a 

significant oversight because it is estimated that unstructured text represents 

over 80% of current data (Zhang and Zhou, 2004).  Fortunately, natural language 

processing (NLP) data mining techniques, including text mining, linguistic 

feature mining, and classification by text features, can be used to analyze the 

texts in financial statements.  Text mining refers to looking for hidden patterns or 

cues in texts; linguistic feature mining refers to dissecting texts with respect to 

specific linguistic categories, such as words associated with positive affect.  These 

analyses, such as providing word count of words with more than three syllables 

or categorizing verb type, are far more complex than humans can perform 

practically. NLP is a multi-disciplinary research area that combines progress in 

computer science, linguistics, mathematics, communication, and psychology.  

NLP focuses on using computing power to process unstructured human language 

in spoken or written form (Zhou et al. 2004). Supporting NLP, high-performance 

computing systems can process text data to discover linguistic cues that can be 

used to classify the texts into categories, such as fraudulent vs. non-fraudulent 

financial statements (Humpherys, Moffitt, Burns, Burgoon, and Felix, 2011; 

Moffitt and Burns, 2009) or deceptive vs. truthful statement in non-financial 

documents (Fuller, Biros, and Wilson 2008; Hancock et al. 2008).  A careful 
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analysis of features of written texts can reveal which linguistic cues discriminate 

documents containing deceit from those documents that are truthful.  

Using NLP, previous research (Moffitt and Burns, 2009) identified 

linguistic cues in MD&As that may highlight financial fraud.  This study extends 

that previous research by using those cues as input to a variety of classification 

algorithms to categorize the MD&As from the same dataset as fraudulent or non-

fraudulent.  Importantly, the current study of using automated approaches to 

categorizing MD&As according to linguistic features complements past research 

of quantitative indicators of financial reporting fraud in the financial statements 

using data mining techniques (Phua et al. 2005).  

4.7 Research Question  

Due to a natural “truth bias”, humans, including those with special training, 

are slightly better than chance at 54%, in detecting deception (Bond and DePaulo, 

2006).  To improve that rate, researchers have identified linguistic cues based on 

the deception theories mentioned in the previous section. They have then 

performed automated linguistic analyses to extract these cues from various texts 

and discriminate between deceivers and truth tellers (Zhou et al. 2004, 2003).  

Building on this previous research, this study attempts to classify fraudulent 

MD&As using linguistic cues extracted from fraudulent MD&As.  The research 

question for this study is: 
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Using linguistic cues that indicate obfuscation in fraudulent MD&As, can 

fraudulent and non-fraudulent MD&As using machine learning algorithms be 

classified at a rate better than chance? 

An earlier research study that identified significant linguistic differences 

between fraudulent and non-fraudulent MD&As is the predecessor for this paper 

(Moffitt and Burns, 2009).  Those cues were selected based on their relationship 

to deception theory. The cues were extracted using LIWC (Pennebaker and 

Graybeal, 2001) and SPLICE (Moffitt, 2011) The results indicated that fraudulent 

MD&As have higher rate of complex words (longer words and words with more 

syllables), more second-person and first-person plural pronouns, fewer auxiliary 

verbs (should, would, and could), fewer present tense verbs, and more words 

expressing achievement and causation (see Table 10). A subset of those indicators 

was used in this study to build the classification models. 
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Table 10. Significant cues from Moffitt and Burns 2009 

 

Associated 

Variables Results 

NonFraud 

Mean 

NonFraud 

Std Dev 

Fraud 

Mean 

Fraud 

Std Dev 

Word Complexity Rate of Six 

Letter Words 
F>NF*** 33.921 2.783 35.216 2.175 

 Average 

Word Length 
F>NF*** 5.347 .171 5.438 .138 

 Average 

Syllables per 

Word 

F>NF*** 1.726 .077 1.758 .064 

 Rate of 

Three 

Syllable 

Words 

F>NF** .237 .025 .243 .021 

 Conjunctions F>NF** 5.554 .818 5.796 .717 

Personal Pronouns First Person 

Plural 
F>NF** 1.002 1.700 1.513 1.876 

 Second 

Person 
F>NF*** .003 .012 .012 .028 

Auxiliary Verbs Auxiliary 

Verbs 
NF>F*** 4.245 1.087 3.855 .974 

Cause/Achievement Causation 

Words 
F>NF** 2.550 .665 2.759 .676 

 Achievement 

Words 
F>NF* 2.961 .894 3.186 .908 

Tense Present 

Tense 
NF>F* 2.286 .839 2.091 .570 

* = p < .10, ** = p < .05, *** = p < .01 

4.8  Methodology 

The enforcement actions the SEC takes against firms that violate financial 

reporting standards are documented in Accounting and Auditing Enforcement 

Releases (AAERs). AAERs provide information regarding enforcement actions 

concerning “civil lawsuits brought by the Commission in federal court and notices 

and orders concerning the institutions and/or settlement of administrative 
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proceedings” (U.S. Securities and Exchange Commission, 2008). AAERs often 

refer to required company filings as evidence of fraud and earnings manipulation.  

The fraudulent 10-Ks were identified by searching for AAERs that included 

the term ‘10-K’. Companies named in AAERs are assumed to be guilty of earnings 

manipulations (Dechow, Sloan, and Sweeney, 1996). After excluding 40 

companies and their associated 10-Ks from the 141 initially identified (see Table 

3), 101 company 10-Ks were left for analysis (see Table 11).   

101 comparable non-fraudulent 10-Ks were chosen by selecting companies 

with Standard Industrial Classification (SIC) codes that exactly matched the 

companies that filed fraudulent 10-Ks. Each matching company’s 10-K was also 

filed in the same year or in the previous/following year and had no amendments. 

The purposes of these criteria are to minimize potential confounds because of 

differing economic conditions or differences between non-comparable industries. 

The non-fraudulent companies have no AAERs attached to them, which suggests 

a history of compliance to SEC regulations.  
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Table 11. Sample selection criteria for 10-Ks 

Count of companies identified as 

fraudulent by searching through 

AAERs 141 

Count disqualified because fraud 

did not involve 10-Ks (20) 

Count disqualified because 10-K 

was not available from the SEC (10) 

Count disqualified because 10-K 

did not contain management 

discussion section (10) 

Final count of qualifying 10-Ks 

used in the final sample 101 

 

As mentioned previously in this paper, the cues were extracted from the 

MD&As using LIWC and SPLICE. LIWC is a computer program that counts the 

occurrences of words in different categories from an electronic document. For 

example, LIWC can count the number of words that indicate positive or negative 

affect. LIWC has been used to study people’s use of language in a variety of 

contexts (Pennebaker and Graybeal, 2001). SPLICE is an API and online tool that 

aids in developing applications that take advantage of computational linguistic 

and natural language processing tools. It is also a platform for developing custom 

plugins in the Python Programming Language that can be added to the API. 

A statistical and machine-learning algorithms was used to classify the 

MD&As as either fraudulent or non-fraudulent.  Only significant variables as 

determined by independent samples t-tests in a previous study (K. Moffitt and 

Burns, 2009) were entered into the models. The algorithms included binary 

logistic regression, C4.5 decision trees, random forest, and naïve Bayes and were 
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run using a 10-fold cross-validation bootstrap technique.  The logistic regression 

classification algorithm is a statistical classification technique that incorporates 

several predictor variables and computes a binary prediction. A decision tree 

classification model is expressed as a set of decision rules. It is intuitively 

interpreted as each progressive level of the tree consists mostly or entirely of one 

class. A random forest randomly selects features from the feature set to create a 

set of decision trees. Random forests are known to produce relatively accurate 

classifiers compared to a single decision tree. The naive Bayes classifier assumes 

that features are independent; however, naive Bayes has performed well in both 

independent feature studies and dependent feature studies. 

4.9 Results 

Table 12 reports recall, precision, and overall accuracy for each algorithm. 

Recall is the ratio of documents correctly classified to the actual number of 

documents for each type of document. For example, a recall ratio of 51% for 

fraudulent documents would indicate that a slight majority of the fraudulent 

documents were classified correctly. Precision is the ratio of the number 

documents correctly classified to the total number of documents classified as 

each respective type. For example, a precision ratio of 71% for fraudulent 

documents would indicate that for the documents classified as fraudulent, a 

majority of them were classified correctly. Overall accuracy is the ratio of the total 

number of documents correctly classified to the total number of documents.  
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Table 12. results for each classification algorithm 

Classification Algorithm 
Overall 

Accuracy 

Precision Recall 

NonFraud Fraud NonFraud Fraud 

Logistic Regression 70.8% 71.0% 72.0% 70.3% 71.3% 

C.45 64.4% 65.9% 63.1% 59.4% 69.3% 

Random Forest 66.8% 68.9% 65.2% 61.4% 72.3% 

Naïve Bayes 60.4% 57.0% 69.8% 84.2% 36.6% 

 

The Logistic Regression classifier performed the best with 70.8% overall 

accuracy. Precision and recall were balanced between fraudulent and non-

fraudulent MD&As. The Random Forest classifier performed the next best with 

66.8% accuracy, and C.45 achieved 64.4% accuracy. Each had relatively balanced 

precision and recall scores. The Naïve Bayes classifier performed the worst 

overall with 60.4% accuracy. Recall was very high, 84.2%, for the non-fraudulent 

documents which indicates that almost all of the non-fraudulent MD&As were 

classified correctly. On the other hand, almost all of the fraudulent MD&As were 

classified incorrectly (63.4%). The precision score for the non-fraudulent 

document indicates that just over half of the documents classified as non-

fraudulent were classified correctly. A high recall and low precision score for non-

fraudulent documents indicates a bias in the model toward classifying MD&As as 

non-fraudulent.  
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4.10 Discussion 

Filing a fraudulent financial statement with the SEC is a serious criminal 

offense because the public relies upon full disclosure of facts to make sound 

investment decisions. Full disclosure of the financial health of a company is 

critical to stable and efficient securities markets. Although managers who design 

fraudulent 10-Ks seek to obfuscate materially important, yet negative details 

about their company in order to preserve the valuation of the firm and 

performance-based compensation packages, the findings of this paper provide 

evidence that their efforts are not fool proof (Wallace 1995). 

In a comprehensive meta-analysis, it was found that humans were able to 

detect deception with 54% accuracy (DePaulo et al., 2003), a rate slightly better 

than chance. In this study, fraudulent and non-fraudulent documents were 

classified at up to 70.8% accuracy. This accuracy rate is even more impressive 

considering the limitations of strictly written content. In face-to-face interactions, 

gestures, eye gaze, vocalics, emotions, and verbal responses factor into 

determinations of deception. This study provides evidence that, even with limited 

cues from a dataset that is much more structured and formulaic than typical 

human speech, it is possible to determine fraud in a balanced dataset 

approximately 70% of the time.  

Another study that relied on a different set of linguistic cues from the same 

dataset achieved 67% classification accuracy (Humpherys et al., 2011) using 

Agent99A, a tool for extracting deceptive cues from text. The increased success of 
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classifiers in this current study may be attributable to the LIWC dictionaries from 

which the data was derived.  

The linguistic cues were drawn from a previous study (Moffitt and Burns, 

2009) on obfuscation in fraudulent financial reports. That study determined that 

there were significant linguistic differences between fraudulent and non-

fraudulent MD&As, but it did not attempt to classify the documents using 

statistical or machine-learning algorithms. This paper contributes to the stream 

of research in this area by classifying the documents and providing theoretical 

support for using this tool in auditing scenarios. In the real world, auditors may 

use similar techniques to assess engagement risk in the planning stage of the 

audit. An accurate perception of risk will subject clients to an appropriate amount 

of scrutiny, reducing the chance of undetected fraud. Auditors are always seeking 

new tools and analytical procedures that can provide a non-biased and accurate 

perception of risk during the planning stage of the audit. 

Currently, these models could be used as an unbiased investigatory tool to 

help assess audit engagement risk. In addition to providing an overall probability 

of fraud based on a classification model, a tool that highlights specific phrases 

indicative of deception or obfuscation may improve the effectiveness and 

efficiency of the audit engagement.    
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5 THE LEXICAL BUNDLE ANALYSIS 

5.1 Introduction  

Recent research has investigated deceptive language in fraudulent annual 

reports and quarterly earnings conference calls as an auditing tool for assessing 

engagement risk. The linguistic indicators used for the analyses have generally 

consisted of readability cues (Li, 2008), psycho-social dictionaries (Larcker and 

Zakolyukina, 2010) such as those used in Linguistic Inquiry and Word Count 

(LIWC) (Pennebaker and Graybeal, 2001), and cues indicating word and 

sentence complexity (Humpherys et al., 2011; Moffitt and Burns, 2009). Several 

researchers (Bournois and Point, 2006; Merkyl-Davies and Brennan, 2007a; 

2007b; Rutherford, 2005) have studied external financial reports as a separate 

genre with distinctive linguistic properties.  For example, Presidents’ Letters are 

constructed with long words and sentences, few pronouns except for a high 

number of first person plural pronouns (“we”, “our”), more affect and colorful 

words and phrases, and an extremely high proportion of positive words and 

phrases.  These studies share a common methodology because they have 

examined instances of single words in a “bag-of-words” manner in which relative 

position in a sentence or phrase, as well as context, is ignored. What is lacking is 

an understanding of the genre-specific semantics of connected words or common 

phrases that are used to describe the financial health and future outlook of a 
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company. Understanding how phrases are used in deceptive corporate reports 

could lead to new techniques for auditors to assess risk.  

In past research, dictionary-based analyses using LIWC, for example, 

extracted words and put them in a pre-defined category, such as words related to 

“money”, regardless of the way that word is used or the context of the phrase or 

sentence. There are some problems with this approach.  First, there is ambiguity 

because many words have more than one meaning.  Second, the dictionaries are 

general-purpose so the word categories may not be appropriate or adequate for a 

very specific genre like financial reports.  Finally, context of individual words 

cannot be considered since each word is handled separately without regard to its 

place in the document.  Researchers have called for studies that address the 

context issue via natural language processing (NLP) techniques (Larcker and 

Zakolyukina, 2010).   

This research attempts to fill that gap by considering the use of particular 

type of phrase known as a lexical bundle (Biber and Barbieri, 2007).  In this 

paper an approach to extracting units from text that have less semantic ambiguity 

than context-free single words (unigrams). This approach is particularly 

appropriate for formal genres that have a fairly rigid writing style such as 

financial reports.  This study extracts entire phrases (e.g., “the fair value of”) that 

are more semantically unambiguous and provide context to the individual words. 

Because of this more reliable interpretations of what an author means compared 

to interpreting the use of a single word can be provided.   
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This paper contributes to research streams in Accounting and Information 

Systems in the following ways:  1)  the literature on phraseology and lexical 

bundles with respect to financial statements is discussed; 2)  Using a sample of 

202 MD&As, lexical bundles that might be used to discriminate between 

fraudulent and non-fraudulent financial statements are identified; and, 3)  From 

an accounting standpoint, these lexical bundles are discussed to clarify why they 

differentiated fraudulent and non-fraudulent financial statements.  

The rest of this paper consists of the following sections: first lexical bundles 

are defined and previous research on that topic is discussed, next previous 

research in Fraudulent Financial Reporting and the research question is 

presented, then the methodology is set forth followed by the results, a discussion 

of the results, and a conclusion. 

5.2 Lexical Bundles 

The variability in patterns and usage of words and phrases in natural 

language is much lower than would be predicted by grammar and lexicon alone 

(Wray and Perkins, 2000). In fact,  language, whether written or spoken, is up to 

70% formulaic (Sinclair, 1991).  Written and spoken language composition has 

been compared to stitching a quilt together, the patches being pre-constructed 

phrases (Marco, 2000). Phrasal constructions that have been investigated over 

the years include collocations, and lexical bundles. 



108 

 

 

Collocations have been defined as “fixed, non-idiomatic, identifiable 

phrases or constructions” (Benson, Ilson, and Benson, 1986). Strictly speaking, 

collocations are any sequence of two or more words that occur within a specified 

window length more frequently than by chance alone.  Collocated words do not 

need to be directly adjacent to each other:  when build and momentum are the 

collocated words they can exist as “build momentum”, or “build a lot of 

momentum.” They are arbitrary in their construction; however, to be considered 

collocations, they must recur at a pre-specified rate.   

Lexical bundles are a specialized type of collocation.  They are the most 

frequent multi-word sequences in a given register (e.g., financial reports, biology 

journals, history journals). Operationally, lexical bundles generally have been 

studied as four-word sequences that occur at least 20 times per million words in a 

given register (Biber and Barbieri, 2007; Cortes, 2004; Hyland, 2008; Wray and 

Perkins, 2000). Lexical bundles are domain specific (Hyland, 2008; Smadja, 

1993). For example, Cortes (2004) found that 64.2% of the lexical bundles 

indentified in History research journals did not meet the criteria to be classified 

as lexical bundles in Biology research journals.  Moreover, 82.6% of bundles 

identified in the biology literature were not identified as bundles in history 

journals. In this project, phrases were considered a lexical bundle if they occurred 

at least 20 times per million words in either a fraudulent or non-fraudulent 

MD&A corpus. Bundles must have also appeared in at least 15% of either the 
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fraudulent or non-fraudulent documents. This last measure prevented a phrase 

from qualifying as a lexical bundle based on frequent usage in just a few MD&As.  

5.3 The Role of Tools to Aid Auditors in Detecting Fraud 

Much of the past research in fraudulent financial reporting has focused on 

analyzing the numbers found in financial reports for inconsistencies and 

anomalies that might indicate fraud (Beneish, 1997; DeChow et al., 1996; Lee, 

Ingram, and Howard, 1999; Summers and Sweeney, 1998) as well as 

concentrating on developing tools to help auditors analyze the quantitative data.  

To make audit processes more effective, the American Institute of Certified 

Public Accountants’ (AICPA) Auditing Standards Board released Statement on 

Auditing Standards (SAS) No. 99 in 2002.  SAS 99 (AICPA, 2002) identifies three 

ways Financial Fraudulent Reporting can be committed by overstating earnings 

or understating losses: 1) supporting documents can be altered, falsified, or 

manipulated, 2) significant events or transactions can be misrepresented or 

omitted from financial statements, and 3) accounting principles can be 

intentionally misapplied.  In the MD&A, fraud would be perpetuated by 

presenting a false version of past performance and an unrealistic outlook for the 

future, misrepresenting the significance of key events, omitting significant facts, 

and/or providing misleading information about the current health of the 

company.  
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SAS 99 gives guidance to auditors for fulfilling their responsibility of 

attesting that financial statements are free from material misstatements “whether 

they are caused by error or fraud” (AICPA, 2002). Loebbecke et al. (1989) make 

the distinction between errors and fraud, aka irregularities. Errors are not 

purposefully concealed which should make them more discoverable by auditors. 

When financial statement errors are detected, they are reported routinely to 

management and fixed immediately. In contrast, purposely concealed 

irregularities are more difficult to discover. When auditors interview managers 

about irregularities, managers are forced to lie to perpetuate the concealment.  

Irregularities are difficult to detect and it is not in management’s interest to 

reveal them.  Unfortunately, assessing risk is a non-intuitive, humanly-biased, 

cognitively difficult task. Because managerial fraud happens so infrequently, 

most auditors have little direct experience to detect it effectively (Fanning et al., 

1995). Behavioral accounting researchers (Eining et al., 1997; Pincus, 1989; 

Zimbelman, 1997) report the difficulty auditors have synthesizing large amounts 

of information properly when predicting engagement risk.   

Risk assessment can improve with experience, knowledge, training, 

reasoning skills, and tools (Loebbecke et al., 1989). Without adequate exposure to 

certain cues that indicate fraud, it can be difficult for auditors to develop their 

own heuristics to discern problems in financial statements. To mitigate this 

problem, the AICPA suggests the use of Analytical Procedures (APs), for auditing. 

APs are methods used to understand a company. According to SAS 56 (AICPA, 
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1988), APs “range from simple comparisons to the use of complex models 

involving many relationships and elements of financial and non-financial data”. 

Any computational tool, including statistical modeling and machine learning 

algorithms, used to understand a company’s profile as well as its engagement 

risk, uses APs.  

Therefore, in today’s financial reporting environment, both the increased 

volume of financial data and the need for timely analyses call for efficient, 

automated techniques to augment auditors’ manual approaches.  Recently, 

advances in computer classification techniques have enabled researchers and 

audit experts to use various types of data mining techniques to highlight possible 

instances of computer fraud.  There are several key types of data mining which 

can be used against a variety of data types:  a) Associative Rule Mining, often 

referred to by Market Basket Analysis, which reveals patterns of data items that 

occur frequently together;  b)  Classification and Prediction, which discovers a set 

of common cues or features that can discriminate among classification 

categories;  c)  Cluster Analysis, which slices a data set into smaller clusters that 

contain similar data items;  and d) Sequential Pattern and Time-Series Mining, 

which looks for relationships among data that occurs in succession (Han and 

Kamber, 2001). 

Key advantages of statistical and machine learning tools are that they 

eliminate human bias in decision making and consistently weigh and combine 

risk factors. Furthermore, adopting statistical and machine learning tools can 
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mitigate the natural conflict that exists between the goal of audit effectiveness 

and the market pressures to attain audit efficiency (Green and Choi, 1997). When 

auditors fail to correctly assess risk initially, both audit efficiency and audit 

effectiveness suffer. Assessing engagement risk too low will reduce audit 

effectiveness by increasing the chance of undetected fraud while assessing 

engagement risk too high will reduce audit efficiency with unnecessary tests and 

costly investigations. Using a tool during the planning stage of the audit to 

properly assess risk should boost both audit efficiency and audit effectiveness. 

Using NLP, previous research (K. Moffitt and Burns, 2009) identified 

linguistic cues in MD&As that may highlight financial fraud.  This study extends 

that previous research by identifying the most frequent and differing lexical 

bundles in fraudulent and non-fraudulent MD&As. Importantly, the current 

study of using automated approaches to extract and analyze lexical bundles 

complements past research using a “bag-of-words” approach by evaluating 

language at the phrase level. Research questions for this study are: 

RQ1: What are the most frequently used lexical bundles in fraudulent and 

non-fraudulent MD&As? 

RQ2: Which lexical bundles are used at significantly different rates in 

fraudulent and non-fraudulent MD&As? 
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5.4 Methodology 

Fraudulent 10-Ks were identified by searching for AAERs that included the 

term ‘10-K’. Companies named in AAERs are assumed to be guilty of earnings 

manipulations. After excluding 40 companies and their associated 10-Ks from the 

141 initially identified, 101 company 10-Ks were left for analysis.   

101 comparable non-fraudulent 10-Ks were chosen by selecting companies 

with Standard Industrial Classification (SIC) codes that exactly matched the 

companies that filed fraudulent 10-Ks. Each matching company’s 10-K was also 

filed in the same year or in the previous/following year and had no amendments. 

The purposes of these criteria are to minimize potential confounds because of 

differing economic conditions or differences between non-comparable industries. 

The non-fraudulent companies have no AAERs attached to them, which suggests 

a history of compliance to SEC regulations. MD&As were extracted from each 10-

K. 

The Lexical Bundles were extracted from the MD&As using a program 

written in the Python programming language. The program identifies lexical 

bundles and exports their counts to a Comma Separated Value (csv) file. We 

identified lexical bundles that were four to ten words long that met the following 

criteria: bundles had to occur at a rate of at least 20 times per million words and 

in at least 15% unique fraudulent or non-fraudulent MD&As. The rate of lexical 

bundles in each corpus are reported at a normalized rate of bundles per million 
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words in order to make the bundle data comparable and to match previous 

research investigating lexical bundles. 

Many of the smaller lexical bundles are sub-components of larger bundles. 

Table 2 shows the frequency per million words of the constituents of a 6-word 

bundle. The phrase “to continue as a going concern” accounts for 66 of the 91 

uses of the phrase, “as a going concern”. This study focused more on reporting 

the results from the four-word bundles. 

5.5 Results 

Table 13 includes the twenty-six most frequently encountered 4-word lexical 

bundles from non-fraudulent MD&As. Table 14 shows the twenty-six most 

frequently encountered 4-word lexical bundles from fraudulent MD&As. The 

seven most frequent lexical bundles are both in the top seven for each list. The 

percentage difference column in Tables 3 and 4 indicates the difference in the 

rate of usage for each phrase. For this paper the percentage for the top 26 

bundles was reported and the theoretical reasons for the differences for 

additional bundle were discussed in the next section.  

Table 13. Top 26 non-fraudulent 4-word lexical bundles ranked by frequency. 

Lexical Bundle 

NonFraud 

Bundles Per 

Million 

Words 

NonFraud 

Rank 

Fraud 

Bundles 

Per 

Million 

Words 

Fraud 

Rank % diff. 

the year ended December 1365 1 1195 2 14% 

for the year ended 1223 2 1294 1 6% 

as a result of 907 3 856 3 6% 
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as a percentage of 571 4 791 4 38% 

general and administrative expenses 499 5 350 6 42% 

million for the year 482 6 422 5 14% 

a result of the 441 7 332 7 33% 

selling general and administrative 313 8 249 11 26% 

in connection with the 305 9 248 12 23% 

during the year ended 291 10 78 120 274% 

the fourth quarter of 287 11 211 19 36% 

years ended december and 278 12 176 28 58% 

there can be no 272 13 294 8 8% 

was primarily due to 268 14 205 20 31% 

the years ended december 252 15 163 32 55% 

can be no assurance 245 16 264 9 8% 

year ended december compared 245 17 142 42 73% 

liquidity and capital resources 243 18 150 39 62% 

the consolidated financial 

statements 239 19 179 27 34% 

for the years ended 239 20 159 34 50% 

ended december compared to 235 21 127 52 85% 

of financial condition and 233 22 176 29 32% 

in the fourth quarter 221 23 189 24 17% 

be no assurance that 212 24 248 13 17% 

the company believes that 210 25 127 53 66% 

the first quarter of 206 26 160 33 29% 

 

Table 14. Top 26 fraudulent 4-word bundles ranked by frequency. 

Lexical Bundle 

Fraud 

Bundles Per 

Million 

Words 

Fraud 

Rank 

NonFraud 

Bundles 

Per Million 

Words 

NonFraud 

Rank % diff. 

for the year ended  1294 1 1223 2 6% 

the year ended December  1195 2 1365 1 14% 

as a result of 856 3 907 3 6% 

as a percentage of 791 4 571 4 38% 

million for the year 422 5 482 6 14% 

general and administrative 

expenses 350 6 499 5 42% 

a result of the 332 7 441 7 33% 
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there can be no  294 8 272 13 8% 

can be no assurance  264 9 245 16 8% 

the fair value of 257 10 171 30 50% 

selling general and administrative 249 11 313 8 26% 

in connection with the 248 12 305 9 23% 

be no assurance that  248 13 212 24 17% 

have a material adverse  232 14 155 33 50% 

in the year ended 226 15 72 156 213% 

a percentage of net 224 16 148 37 51% 

a material adverse effect  221 17 151 36 47% 

material adverse effect on  218 18 138 42 58% 

the fourth quarter of 211 19 287 11 36% 

was primarily due to 205 20 268 14 31% 

primarily due to the 199 21 192 27 4% 

in process research and (2) 199 22 78 130 153% 

process research and development 

(2) 199 23 76 138 160% 

in the fourth quarter 189 24 221 23 17% 

in the united states 185 25 148 38 25% 

could have a material (4) 183 26 74 149 146% 

 

Overall, 564 four-word phrases met the criteria to be called lexical bundles. 

In addition, 220 five-word, 96 six-word, 42 seven-word, 13 eight-word, 4 nine-

word, and 1 ten-word lexical bundles were identified, but not used in this 

analysis. According to the results, phrases in MD&As are used more frequently 

than in previously analyzed registers. The most frequent bundles occurred nine 

times more often than the most frequent bundles found in biology or history 

scholarly journals (Cortes, 2004). 

5.6 Discussion 

In addition to the most frequent lexical bundles, many bundles are 

interesting because of their meaning and the large difference in their rate of 
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usage between fraudulent and non-fraudulent MD&As.  Table 15 contains the 

bundles that will be discussed in this section. The section begins by exposing the 

environmental setting and motivations that may drive the use of these phrases. 

Table 15. An interesting subset of lexical bundles. 

Lexical Bundle 

Fraud 

Bundles Per 

Million 

Words 

NonFraud 

Bundles Per 

Million Words % diff. 

the fair value of 257 171 50% 

in foreign currency exchange 41 21 97% 

in process research and 

development 
199 76 160% 

goodwill and other intangible assets 121 82 47% 

long lived assets and 49 21 139% 

purchase method of accounting 44 21 115% 

to continue as a going concern 15 91 513% 

disclosures about market risk 85 115 36% 

material impact on the 38 52 35% 

a material effect on 95 70 35% 

 

These phrases highlight several gray areas of accounting to which auditors 

should pay attention to:  creative acquisition accounting, including purchase 

accounting and in process research and development; “big bath” charges to the 

current period, including disposition of long-lived assets; and, fair value 

accounting. These analyses discovered significantly more lexical bundles in 

fraudulent financial statements that would point to these “earnings management” 

gray areas. 

The phrases “purchase method of accounting,” “goodwill and other 

intangible assets,” and “in process research and development” are all suggestive 
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of creative acquisition accounting. The purchase method of accounting refers to 

the way that net assets of the acquired business are recorded by the purchaser. 

According to the purchase method, the net assets are recorded at the fair market 

value of the consideration given by the acquiring company. Creative acquisition 

accounting methods include allocating costs to in process research and 

development instead of goodwill in order to avoid the drag associated with 

amortizing goodwill over several yeas (Munter, 1999, Knapp, 2009). 

“Big bath” charges refer to another technique used to reduce the 

impairment of earnings over the years and manage earnings. This includes the 

disposition of long-lived asset in which a company may choose to take big cuts in 

one year. Though this may be a legitimate technique, this may also be an effort to 

manage earnings. 

The definition of fair value accounting under Statements of Financial 

Accounting Standard (SFAS) 157, Fair Value Measurements is “the price in an 

orderly transaction between market participants to sell the asset or transfer the 

liability in the market in which the reporting entity would transact for the asset or 

liability, that is, the principal or most advantageous market for the asset or 

liability.” Fraudulent MD&As include the language “the fair value of,” and “in 

foreign currency exchange” at a higher rate than non-fraudulent MD&As. There 

are several ways in which a company in a bind may choose to use fair value 

accounting to further their agenda to demonstrate growth in earnings.  These 

include changing the value of available-for-sale investments to a deceptive 
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highest or best use of an asset, anchoring the fair value estimate of a transaction 

to other, non-‘orderly’ transactions, understating a debt obligation, and 

misrepresenting foreign currency exchange adjustments. Fair value accounting in 

financial statements may be used as a secondary fraudulent measure by an 

organization to cover up a first occurrence of fraud, such as asset 

misappropriation.  In preparing financial statements, management may fail to 

disclose appropriate fair value information in footnotes.   

Of considerable interest were the lexical bundles used more frequently by 

non-fraudulent companies, perhaps in an attempt to signal their lack of 

deception. Non-fraudulent companies may take special care in using more 

conservative language and accounting practices.  Across 4-word, 5-word, and 6-

word bundles, all of which occurred significantly more frequently in non-

fraudulent statements, the theme of continuing as a ‘going concern’ was 

emphasized.  Another phrase that was more common in non-fraudulent MD&As 

indicated that the company would have ‘disclosures about market risk’.  

Interestingly, non-fraudulent companies used the phrase “material impact on the’ 

more often; the phrase ‘a material effect on’ was favored much more frequently 

by fraudulent companies.    

5.7 Principal Component Analysis 

The purpose of the first analysis was to identify lexical bundles that were 

used at different rates in fraudulent and non-fraudulent MD&As. The purpose of 

the second analysis was to create a parsimonious set of linguistic indicators for 
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the purpose of classification. The parsimonious model was created by using a 

Principal Components Analysis (PCA). The PCA used a varimax rotation to 

ensure that all of the resulting components were orthogonal, or uncorrelated. 

Components with an eigen value greater than 2.0 were selected based an analysis 

of the scree plot. Using the PCA, 564 variables were reduced to 88 principal 

components. 

 The PCA reduced the 564 variables by combining highly correlated 

variables into principal components. Highly correlated lexical bundles were 

generally those that actually were parts of larger bundles. Thus, the PCA was able 

to identify larger lexical bundles automatically. The first component that was 

formed included 21 lexical bundles (see Table 16).  

 

Table 16. Lexical bundles in the first principal component. 

principles generally accepted in actual results to differ 

accounting principles generally accepted results to differ materially 

generally accepted in the of assets and liabilities 

accepted in the united actual results may differ 

with accounting principles generally to differ materially from 

affect the reported amounts differ materially from those 

reported amounts of assets forward looking statements this 

that affect the reported in the united states 

to make estimates and allowance for doubtful accounts 

factors that could cause are expected to be 

company believes that the 
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An analysis of the component revealed that it contained at least four larger lexical 

bundles (see Table 17). The component was named, “GAAP and expected results”. 

 

Table 17. Larger lexical for “GAAP and expected results”. 

Larger Bundles   

with accounting principles generally accepted in the united states 

that affect the reported amounts of assets and liabilities 

actual results to … 
… differ materially from those 

actual results may … 

Other Bundles   

are expected to be 

company believes that the 

to make estimates and 

factors that could cause 

forward looking statements this 

allowance for doubtful accounts 

 

The second principal component followed the pattern of the first (Table 18).  

Table 18. Lexical bundles in the second principal component. 

principles generally accepted in actual results to differ 

accounting principles generally accepted results to differ materially 

generally accepted in the of assets and liabilities 

accepted in the united actual results may differ 

with accounting principles generally to differ materially from 

affect the reported amounts differ materially from those 

reported amounts of assets forward looking statements this 

that affect the reported in the united states 

to make estimates and allowance for doubtful accounts 
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factors that could cause are expected to be 

company believes that the 
 

 

An analysis of those lexical bundles revealed two larger lexical bundles (see Table 

19). The principal component was named, “Could be bad”. 

 

Table 19. Larger lexical bundles in “Could be Bad”. 

Larger Bundles   

could have a material adverse effect on the company's 

there can be no assurance that the company will be 

Other Bundles   

business financial condition and 

of one or more 

of the company's products 

and will continue to 

 

A few of the components had lexical bundles that appeared to be similar to each 

other but were still orthogonal. Component 3, the “Impairment of long-lived 

assets” component (see Table 20) is very similar to component 12, the 

“Impairment of long-lived assets 2” component (see Table 21). 

 

Table 20. Larger bundles in "Impairment of long-lived assets". 

Larger Bundles   

accounting for the impairment … 
… to be disposed of and 

of long lived assets … 

Other Bundles   
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at the lower of 

the carrying amount of 

 

Table 21. Larger bundles in "Impairment of long-lived assets 2". 

Larger Bundle   

for the impairment or disposal of long lived 

Other Bundles   

financial accounting and reporting 

financial accounting standards no 

 

5.8 Discriminant Analysis 

After the principal components were identified, they were entered into a 

discriminant analysis function for classification. The function used a stringent 

leave-one-out cross-validation rule and a stepwise method to identify 

components. Table 22 lists the principal components that became a part of the 

discriminant function and their Beta weights. 

 

Table 22. The principal components in the discriminant function and their Beta 

weights. 

Discriminating factor (PC)  Beta  Discriminating factor (PC)  Beta  

Impact and exposure  .464  Price and offsets  .335  

Material difference  -.421  COGS and change in accounting 

principle  

.330  
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Common stock and adverse 

affects  

.412  Fair market value  .313  

Going concerns  .363  Exercise of stock Options  .298  

New product introductions  .339  Number of Factors  -.287  

 

Discriminant functions produce a contingency table.  A contingency table 

(see  Table 23) lists the true positives, false positives, false negatives, and true 

negatives.  

 

Table 23. Elements of a contingency table. 

    Predicted Class 

     Fraudulent   Non-Fraudulent  

Actual Class 

Fraudulent  True Positives  False Negatives 

      

Non-Fraudulent  False Positives  True Negatives 

 

Table 24.The contingency table for the discriminate function.  

 

Table 24. Contingency table for discriminant analysis classification. 

    Predicted Class 

     Fraudulent   Non-Fraudulent  

Actual Class 

Fraudulent   70 (TP)   31 (FN)  

      

Non-Fraudulent   28 (FP)   73 (TN)  

 

From a contingency table several values can be calculated including 

precision, true positive rate, false positive rate, and overall accuracy. Figure 13 
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shows how these values are calculated. A high precision score means that a high 

percentage of the documents classified as fraudulent were actually fraudulent. 

The true positive rate refers to the rate at which fraudulent documents were 

classified as fraudulent and not non-fraudulent. The false positive rate refers to 

the rate at which non-fraudulent documents were classified as non-fraudulent. 

The accuracy score is a composite of the true positive and false positive rates. 

FNFPTNTP

TNTP
Accuracy

TNFP

FP
FPR

FNTP

TP
TPR

FPTP

TP
ecision

+++

+
=

+

=

+

=

+

=Pr

 

Figure 13. Algorithms for calculating precision, true positive rate, false positive 

rate, and overall accuracy. 

 

For this study, the  precision was .714, the true positive rate was .693, the 

false positive rate was .723, and the overall accuracy was .708. An even more 

useful measure of algorithm classification performance is the area under the 

curve (AUC) of a receiver operator characteristic (ROC) curve. This curve 

standardizes the results of classification algorithms for comparison purposes. 

Figure 14 shows the ROC curve for this study. The AUC is .799. For purposes of 
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comparison, a deception study performed by Larker and Zakolyukina (2010) on 

quarterly calls made to Wall Street analysts had an AUC of .59. 

 

Figure 14. The ROC curve for the discriminant analysis function. 

5.9 Discussion  

The lexical bundles analyzed for this study may be highly specific to the 

sample of MD&As used.  As a result, the study may suffer from weak diagnostic 

power when applied to another data set (Li, 2010).  Because the sample used 

MD&As filed with the SEC, the data set was restricted to mostly large, publicly 

traded companies.  Thus, we are limited when trying to generalize to the 

population of all types of companies. 

On the other hand, this study is the first to analyze the phraseological 

differences between fraudulent and non-fraudulent MD&As. Studying language 
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at the lexical bundle level provides researchers a more intuitive and reliable sense 

as to the author’s meaning and intent compared to analyzing individual words. 

The contextual cues offered by groups of words are far richer than those that can 

be draw from sing words. Moreover, in these studies non-trivial differences in the 

rate certain phrases were used although they were not all discussed in this study. 

However, a few phrases were selected and theoretical explanations were 

provided. 

This type of research could be valuable to auditors as they seek for ways to 

assess engagement risk a priori and during the audit. Using a tool that extracts 

key phrases, auditors can focus their attention on language that accompanies 

high-risk companies. Future research should conduct a more extensive analysis 

of longer lexical bundles, and those bundles that differentiate high- and low-risk 

companies.  
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6 CONCLUSION 

This dissertation presented the MQTM for evaluating question type, a new 

tool for linguistic analysis (SPLICE), and research that used lexical bundles for 

the first time to discriminate between fraudulent and non-fraudulent financial 

reports. 

The MQTM model is an important formalization of intuitive concepts. One 

way in which the model is important is that its attributes can be used to describe 

more complex question attributes. For example, autobiographical questions that 

ask the interviewees to talk about themselves are present tense, introspective, 

and concrete. Evaluative questions that test knowledge are concrete, 

extrospective, and in the past or present tense. Verifiable questions share the 

same question attributes as evaluative questions. The MQTM model is also 

important in any context that relies heavily on questions including criminal 

interviews, auditing appointments, and job interviews. Questions that are 

routinely asked can now be evaluated by question type attributes and 

characteristics of the verbal responses can be predicted. 

The MQTM represents a first attempt to identify primitive question type 

attributes that can be used to predict the linguistic characteristics of verbal 

responses. The model focuses on the context independent attributes of question 

tense, perspective, and abstractness. Application of the model produced several 

significant results: future tense questions elicited more future tense words than 

either past or present tense questions; present tense questions elicited more 
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present tense words than past tense questions; introspective questions elicited 

more cognitive process words and affective words than extrospective questions; 

and conjectural questions elicited more auxiliary verbs, tentativeness words, and 

cognitive process words than concrete questions. These results suggest that the 

question type presented in the model can be used to predict the linguistic cues 

present in responses to questions. The results are even more impressive 

considering that they were obtained from a real-world dataset.  

The MQTM model was also used in a deception detection experiment in 

which results showed that introspective, concrete, and past tense questions 

elicited more non-fluencies from deceivers than from truth tellers. Also, all 

question types with the exception of future tense and extrospective types elicited 

more second person pronouns from deceivers. These results suggest that 

question type may affect they way that truth tellers and deceivers form their 

responses.  

Overall, results demonstrated that linguistic differences can predict 

question types and can discriminate between truthful and deceptive language 

within question type. As this was a preliminary study of the MQTM, more studies 

will need to be conducted to verify the results. 

In addition to a new question type model, a new tool for extracting linguistic 

cues from text, SPLICE, was developed. Perhaps its most important feature is the 

web access to the API that will allow for processing of text in distributed 

environments. On the developer side, the SPLICE architecture makes for an easy-
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to-develop-for, extensible tool. From the researcher’s perspective, especially 

those without computer programming experience, SPLICE allows for the easy 

computation of linguistic cues that require natural language processing 

techniques. Because of SPLICE’s scalability, it is feasible that hundreds of 

linguistic cues will soon be made available to developers and researchers. 

Finally, this dissertation explored the use of lexical bundles to measure 

linguistic differences in fraudulent and non-fraudulent 10-Ks. An analysis of 560 

lexical bundles detected differences in the language between 101 fraudulent and 

101 non-fraudulent 10-K filings. Several of these phrases were used more often in 

fraudulent 10-Ks than in non-fraudulent 10-Ks including “the fair value of,” “in 

process research and development,” and “goodwill and other intangible assets.” 

An interesting finding is the great disparity in the use of the phrase, “to continue 

as a going concern.” Non-fraudulent 10-Ks used this phrase 513% more than 

fraudulent 10-Ks, perhaps indicating a more conservative approach to reporting 

in the former. A principal component analysis was used to reduce the number of 

variables to 88 orthogonal components which were used in a discriminant 

analysis that achieved a classification accuracy of 71%. The area under the curve 

for the corresponding ROC was 0.79, which indicates good performance by the 

algorithm. 

The MD&A section of the 10-K may be the most narrative form of text 

contained in the 10-K, but it is still highly formulaic. Because of that, lexical 

bundles may be an even more appropriate unit of analysis for understanding the 
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composition of these narratives. Lexical bundle analysis identifies at the 

phraseological level what formula is being used to compose the text. In other 

words, fraudulent and non-fraudulent MD&As do not contain different phrases, 

but they do use different phrases at varying rates. Lexical bundle analysis may 

help define those rates for improved fraud detection in the future.  
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APPENDIX A: LINGUISTIC CUES AVAILABLE IN 

SPLICE 

SPLICE can return over 60 linguistic cues. The following table gives the 

name and description of each cue. 

  

numChars The Character Count value is the total number of 
characters found in the text including spaces and 
punctuation.  

numCharsMinusSpacesAndPu
nctuation 

The Number of Word Characters value is the 
count of all characters minus spaces and 
punctuation. This value is used to calculate 
average word length. 

numWords The Word Count value is the total number of 
words found in the text. Words are identified by 
space delimiters. Numbers can count as words. 

numSentences The Sentence Count value is the total number of 
sentences found in a text. Sentences are 
identified by identifying sequences of words that 
end in a period or question mark. An 
abbreviation list is reference so words like 'Dr.' 
and 'Mrs.' do not count as sentences. 

numPunctuation The Number of Punctuation Marks value is the 
total number of punctuation marks found in a 
text.  

 All linguistic cues in the Parts of Speech category 
are calculated using a part of speech tagger based 
on the Brown corpus.  

numVerbs The Verb Count value is the total number of verbs 
identified in the text. 

verbRatio The Verb Ratio value is the total number of verbs 
divided by the total number of words in the text. 

numAdjectives The Adjective Count value is the total number of 
adjectives identified in the text. 
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adjectiveRatio The Adjective Ratio value is the total number of 
adjectives divided by the total number of words. 

numNouns The Noun Count value is the total number of 
nouns identified in the text. 

nounRatio The Noun Ratio value is the total number of 
nouns divided by the total number of words. 

numAdverbs The Adverb Count value is the total number of 
adverbs found in the text. 

Adverb ratio The Adverb Ratio value is the total number of 
adverbs divided by the total number of words. 

Immediacy 

passiveVerbRatio The Passive Verb Ratio is the total number of 
Passive Verbs divided by the total number of 
verbs.  

numPassiveVerbs The Passive Verb Count is the total number of 
Passive Verbs found in the text. 

 Pronouns are identified from lists of pre-
identified pronouns. 

firstPersonSingular The First Person Singular value is the total 
number of First Person Singular words found in 
the text. 

firstPersonPlural The First Person Plural value is the total number 
of First Person Plural words found in the text. 

secondPerson The Second Person value is the total number of 
Second Person words found in the text. 

thirdPersonSingular The Third Person Singular value is the total 
number of Third Person Singular words found in 
the text. 

thirdPersonPlural The Third Person Plural value is the total number 
of Third Person Plural words found in the text. 

  

ARI The Automated Readability Index (ARI) value is 
calculated using the following formula: (4.71 * 
(averageWordLength) + 0.5 * 
(averageSentenceLength)) - 21.43. The results 
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correspond to US grade level. For example, a 
score of 5 would correspond to a 5th grade 
reading level while a score of 13 would 
correspond to undergraduate college. 

FRE The Flesch Reading Ease (FRE) value is 
calculated using the following formula: 206.835-
(1.015 * (averageSentenceLength)) - (84.6 * 
(averageSyllables)). The resulting value is on a 0-
100 scale. A score of 90 would roughly 
correspond to a 5th grade reading level while a 
score of 30 would be college level. 

FKG The Flesch-Kincaid Grade Level (FKGL) value is 
calculated with the following formula: (0.39 * 
(averageSentenceLength) + 11.8 * 
(averageSyllables)) - 15.59 

CLI The Coleman Liau Index (CLI) calue is calculated 
using the following formula: (5.89 * 
(averageWordLength)) - (30 * 
(averageSentenceLength)) - 15.8 

LWRF The Linsear Write Formula (LWRF) value is 
calculated using the following formula: 
numWordsWithThreeOrMoreSyllables * 3 + 
numWords - 
numWordsWithThreeOrMoreSyllables. Like the 
ARI, the readability score is meant to correspond 
with US grade level. 

FOG The Gunning-Fog Index (FOG) value is calculated 
using the following formula: (.4 * 
(averageSentenceLength) + 
100*(numWordsWithThreeOrMoreSyllables/nu
mWords)). Like the ARI, the readability score is 
meant to correspond with U.S. grade level. 

SMOG The Simple Measure of Gobbledygook (SMOG) 
value is calculated using the following formula: 
((1.0430 * ((30 * 
(numWordsWithThreeOrMoreSyllables/numSen
tences))**.5)) + 3.1291). Like the ARI, the 
readability score is meant to correspond with US 
grade level.  

DALE The Dale-Chall Index (DALE) value is calculated 
using the following formula: ((.0496 * 
(averageSentenceLength)) + (0.1579 * 
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(numWordsWithThreeOrMoreSyllables/numWo
rds)) + 3.6365). The readability score ranges 
from 0-15. A score of 5 roughly corresponds with 
a 5th grade reading level while a score of 10 
corresponds with college level. 

LIX The LIX value is calculated using the following 
formula: (averageSentenceLength + (100 * 
(numWordsWith6OrMoreChars/numWords))). 
Scores range from 0-75. A readability score of of 
25 roughly corresponds with 5th grade and a 
score of 55 corresponds with college level. 

RIX The RIX value is calculated using the following 
formula: 
(numWordsWith7OrMoreChars/numSentences). 
Scores range from 0-10. A readability score of 1.3 
corresponds with a 5th grade reading level and a 
score of 7.2 corresponds with college level. 

FRY The Fry Readbility Formula (FRY) value is 
calculated using the following formula: 
(averageSyllables * averageSentenceLength). 

  

Pleasantness The Pleasantness value is calculated from the 
Whissel Dictionary of Affect. Each word in the 
text that is found in the dictionary is assigned a 
pleasantness score. The final value is an average 
of these scores. 

Activation The Activation value is calculated from the 
Whissel Dictionary of Affect. Each word in the 
text that is found in the dictionary is assigned an 
activation score. The final value is an average of 
these scores. 

Imagery The Imagery value is calculated from the Whissel 
Dictionary of Affect. Each word in the text that is 
found in the dictionary is assigned an imagery 
score. The final value is an average of these 
scores. 

  

avgWordLength The Average Word Length value is the total 
characters minus spaces and punctuation divided 
by the total number of words. 
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avgSentenceLength The Average Sentence Length value is the total 
number of words divided by total number of 
sentences. 

numSyllables The Number of Syllables value is the total count 
of all syllables in the text. 

avgSyllablesPerWord The Average Syllables Per Word value is the total 
number of syllables divided by total number of 
words in the text. 

numWordsWith3OrMoreSyllab
les 

The Number of Words with at Least Three 
Syllables value is the count of all words at least 
three syllables. 

rateWordsWith3OrMoreSyllabl
es 

The Rate of Words with at Least Three Syllables 
value is the number of words with at least three 
syllables divided by the total number of words. 

numWordsWith6OrMoreChars The Number of Words with at Least Six 
Characters value is the count of all words at least 
six letters long. 

rateWordsWith6OrMoreChars The Rate of Words with at least Six Characters 
value is the number of words with at least six 
letters divided by the total number of words. 

numWordsWith7OrMoreChars The Number of Words with at least Seven 
Characters value is the count of all words at least 
seven letters long. 

rateWordsWith7OrMoreChars The Rate of Words with at least Seven Characters 
value is the number of words with at least seven 
letters divided by the number of words in the 
text. 

LexicalDiversity The Lexical Diversity value is the length of the set 
of all words divided by the total number of words. 

  

hedgeVerb The Hedging Verbs value is the count of all 
hedging verbs found in the hedging verb 
dictionary. 

hedgeConj The Hedging Conjunctions value is the count of 
all hedging conjunctions found in the hedging 
conjunctions dictionary. 
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hedgeAdj The Hedging Adjectives value is the count of all 
hedging adjectives found in the hedging 
adjectives dictionary. 

hedgeAdv The Hedging Adverbs value is the count of all 
hedging adverbs found in the hedging adverbs 
dictionary. 

hedgeModal The Hedging Modal Verbs value is the count of all 
hedging modal verbs found in the hedging modal 
verbs dictionary. 

hedgeAll The All Hedging Words value is the count of all 
hedging words found in the hedging dictionary. 
Lakoff (1972) defined hedging as “words whose 
job is to make things more or less fuzzy.” Hedges 
are linguistic devices, such as perhaps, might, 
maybe, etc., used to communicate the speaker’s 
degree of confidence, or lack of confidence, in a 
statement (Coates, 1987; Hyland, 1998). 

numDisfluencies The Number of Disfluencies value is the count of 
all disfluencies. Disfluencies are traditionally 
defined as the use of uh, um, ah, er, false starts, 
and repeating words (Chmostky, 1965; Smith and 
Clark, 1993; Oomen and Postman, 2001; Clark 
and Fox Tree, 2002; Watabe et al. , 2007).  

disfluencyRatio The Disfluency Ratio Value is the total number of 
disfluencies divided by the total number of 
words. 

numInterjections The Number of Interjections value is the count of 
all interjections. Common interjections are you 
know, I mean, like, well, okay, yeah, and oh. Fox 
Tree (2006) suggests that interjections may have 
different meaning, use, and frequency than 
disfluencies. 

interjectionRatio The Interjection Ratio value is the total number 
of interjections divided by the total number of 
words. 

numSpeculate The Number of Speculation Words value is the 
count of all speculation words found in the 
speculation dictionary. Speculation is related to 
uncertainty and hedging. 
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speculateRatio The Speculation Ratio value is the total number 
of speculation words divided by the total number 
of words. 

Expressivity The Expressivity value is the total number of 
adjectives and adverbs divided by the total 
number of nouns and verbs.  

numIgnorance The Number of Ignorance Words value is the 
Total number of phrases claming ignorance 
found in the text. Phrases include, "don't know", 
and "not sure". 

ignoranceRatio The Ignorance Ratio value is the total number of 
ignorance phrases divided by the total number of 
words. 

Pausality The Pausality value is the total number of 
sentences divided by the total number of 
punctuation marks. 

questionCount The Number of Question Marks value is a count 
of all the question marks. In general, there is one 
question mark per interrogatory sentence. 

questionRatio The Question Ratio value is the count of all 
question marks divided by the total number of 
sentences. 

 The tense values are calculated using a part of 
speech tagger based on the Brown Corpus. 

pastTense The Past Tense value is the total number of past 
tense verbs. 

presentTense The Present Tense value is the Total number of 
present tense verbs. 
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APPENDIX B: SCREENSHOTS FROM SPLICE 
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Figure 15. SPLICE home page. 
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Figure 16. SPLICE API documentation page. 
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Figure 17. The SPLICE GUI page. 
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Figure 18. HomeSPLICE results.  
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Figure 19. SPLICE About Us Page. 
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Figure 20. SPLICE Release Notes. 
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